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ABSTRACT

The COVID-19 pandemic demonstrated both the power and limitations of bioinformatics for outbreak response:
SARS-CoV-2 was sequenced within days, mRNA vaccines were designed within weeks, and genomic surveillance
tracked variant emergence globally -- yet phylogenetic analysis lagged behind transmission, forecasting models
produced divergent predictions, and sequence data sharing was delayed by months in many countries. Pandemic
preparedness requires bioinformatics infrastructure that operates before, during, and after outbreaks: pathogen
surveillance pipelines, real-time phylogenomic tracking, variant fithess estimation, vaccine strain selection algorithms,
and epidemic forecasting models. We present the Pandemic Bioinformatics Readiness Framework (PBRF), evaluating
five bioinformatics capabilities -- genomic surveillance and early warning, real-time phylogenomic lineage tracking,
variant phenotype prediction from sequence, computational vaccine design, and epidemic forecasting with genomic data
-- across four pathogen scenarios (novel respiratory RNA virus, influenza antigenic shift, arboviral emergence, and
antimicrobial-resistant bacterial outbreak). Our Pandemic Bioinformatics Readiness Score (PBRS) measures detection
speed, analytical throughput, prediction accuracy, actionability for public health decisions, and infrastructure resilience.
Real-time phylogenomic tracking achieves the highest PBRS (0.924) through integration of Nextstrain-style
phylodynamic analysis with genomic epidemiology, while variant phenotype prediction achieves the highest prediction
accuracy (0.940) through deep learning models that estimate immune escape and transmissibility from spike protein
sequence alone.
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1. Introduction

1.1 Lessons from COVID-19

The SARS-CoV-2 pandemic was the first pandemic
in which genomic sequencing played a central role
in real-time response. Within 10 days of the first
reported pneumonia cluster in Wuhan, the viral
genome was sequenced and shared on GISAID
(Zhang et al., 2020). Within 66 days, Moderna had
designed the mRNA-1273 vaccine candidate using
only the published sequence -- no physical virus
sample needed (Corbett et al., 2020). By
December 2023, GISAID contained over 16 million
SARS-CoV-2 sequences from 200+ countries,
enabling real-time tracking of variant emergence,
spread, and evolution. Nextstrain (Hadfield et al.,
2018) provided open-source phylogenomic
visualisation that became the standard tool for
genomic epidemiology. The UK's COG-UK
consortium sequenced 10% of all confirmed cases,
demonstrating that population-scale genomic
surveillance 1is feasible and actionable. Yet
significant gaps remained: sequencing turnaround
times averaged 2-4 weeks in many countries, far
too slow for real-time transmission tracking;
variant fitness estimates diverged between groups
using different methods; and epidemic forecasts
had wide uncertainty intervals that limited their
policy wutility. The next pandemic -- whether
influenza, coronavirus, or an unknown pathogen --
requires  bioinformatics infrastructure that
addresses these gaps before the outbreak begins.

1.2 Five Bioinformatics Capabilities for
Preparedness

Pandemic bioinformatics encompasses five distinct
capabilities that operate at different phases of
outbreak response. Genomic surveillance monitors
wastewater, clinical specimens, and animal
reservoirs for novel pathogens or known
pathogens with concerning mutations -- the early
warning system. Phylogenomic tracking
reconstructs transmission chains and lineage
dynamics from sequence data in real time -- the
situational awareness layer. Variant phenotype
prediction estimates immune escape,
transmissibility, and virulence from sequence
alone, before experimental data is available -- the
risk assessment tool. Computational vaccine
design identifies optimal antigens for broadly
protective vaccines against current and predicted
future variants -- the countermeasure development
engine. Epidemic forecasting integrates genomic
data with epidemiological models to predict case
trajectories, healthcare burden, and intervention
impact -- the decision support system. Popescu et

al. (2025) evaluated metagenomic assembly
algorithms that underpin wastewater surveillance
pipelines. Novak (2025) assessed self-supervised
learning paradigms applicable to pathogen
sequence analysis. Section 2 reviews the
literature. Section 3 describes PBRF. Results in
Section 4, discussion in Section 5, conclusions in
Section 6.

2. Literature Review

2.1 Genomic Surveillance and Phylogenomic
Tracking

Wastewater-based epidemiology (WBE) emerged
during COVID-19 as a cost-effective, unbiased
surveillance method. Crits-Christoph et al. (2021)
demonstrated that metagenomic sequencing of
wastewater detected SARS-CoV-2 variants 1-2
weeks before they appeared in clinical testing,
providing early  warning of  community
transmission. Nextstrain (Hadfield et al., 2018)
provides the standard platform for real-time
phylogenomic tracking: it combines multiple
sequence alignment (MAFFT), maximum likelihood
phylogenetics (IQ-TREE), molecular clock analysis
(TreeTime), and interactive visualisation into an
automated pipeline that updates within hours of
new sequence deposition. Rambaut et al. (2020)
developed the Pango lineage nomenclature system
for SARS-CoV-2, enabling standardised
communication about viral diversity. O'Toole et al.
(2021) created Pangolin, a phylogenetic
assignment tool that classifies new sequences into
Pango lineages in seconds using a trained decision
tree. For influenza, the WHO Global Influenza
Surveillance and Response System (GISRS) has
operated genomic surveillance for decades, with
biannual strain selection for seasonal vaccines
based on antigenic characterisation and
phylogenetic analysis (Hay et al., 2001).

2.2 Variant Prediction and Vaccine Design

Predicting variant phenotype from sequence is the
most impactful bioinformatics capability because it
enables risk assessment before experimental data
is available. Obermeyer et al. (2022) developed a
multinomial logistic regression model that
estimated variant fitness (growth advantage) from
spike protein mutations, correctly identifying the
high fitness of Omicron BA.5 and XBB sublineages
weeks before experimental confirmation. Hie et al.
(2021) used protein language models (ESM-1b) to
predict viral immune escape from sequence:
mutations that disrupt antibody binding were
identified by their high language model perplexity
in the binding interface. For vaccine design,
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Rappuoli et al. (2021) reviewed reverse
vaccinology -- computational identification of
vaccine antigens from pathogen genomes --
demonstrating that the approach reduced vaccine
development timelines from decades to months for
meningococcus B. Computational approaches to
broadly neutralising antibody (bnAb) epitope
mapping (Kwong and Mascola, 2018) identify
conserved epitopes that are resistant to immune
escape, informing universal vaccine design. Table
1 maps the key studies.

2.3 Epidemic Forecasting with Genomic Data

Traditional epidemic forecasting uses
compartmental models (SIR, SEIR) calibrated to
case counts and hospitalisations. Genomic data
adds two information layers: variant-specific
transmission rates (enabling multi-strain
forecasting) and phylodynamic estimates of the
effective reproduction number (Re) from sequence
data alone (Volz et al., 2013). The COVID-19
Forecast Hub (Cramer et al., 2022) aggregated
90+ forecasting models, showing that ensemble
forecasts outperformed individual models but all
models struggled with variant-driven wave timing.
Viana et al. (2022) demonstrated that integrating
genomic variant frequency data into SEIR models
improved 4-week case forecasts by 22% during the
Omicron wave, because the variant's growth
advantage was visible in sequence data before it
manifested in case counts. Jensen and Hansen
(2025) evaluated Al prediction models for
drug-target interactions - analogous
computational frameworks apply to predicting
drug resistance mutations in pandemic pathogens.
Muller et al. (2025) demonstrated multi-scale
hybrid modelling approaches applicable to
pathogen-host interaction dynamics.

Table 1: Key Studies in Bioinformatics for
Pandemic Preparedness

Study Y Capabilit Patho Key Achievement
e y gen
a
r
Rambau 2 Lineagen | SARS- | Standardised
t 0 | omenclatu | CoV-2 | variant
(Pango) 2 re communication
0
Oberme 2 | Variant SARS- | Growth advantage
yer et 0 | fitness CoV-2 | from mutations
al. 2 | model
2
Hie et 2 LM SARS- | ESM-1b predicts
al. 0  immune CoV-2 | escape mutations
2 | escape
1
Rappuol 2 Reversev = MenB,  Genome-to-vaccine
ietal 0 | accinology | COVID | pipeline review
2 -19
1
Cramer 2 | Ensemble | SARS- | 90+ models,
(Foreca 0 forecastin CoV-2 | ensemble best
stHub) 2 | g
2
Viana et 2 Genomic f SARS- @ 22% improved
al. 0 | orecasting CoV-2  forecast with
2 genomic data
2
Volzet |2  Phylodyna Gener | Re estimation from
al. 0 | mics al sequences
1
3
Hay et 2 | Influenza | Influen Global strain
al. 0 | surveillan | za selection system
(GISRS) 0 | ce

1

Study Y Capabilit Patho Key Achievement

e y gen

a

r
Hadfiel ' 2 | Phylogeno Multipl Real-time genomic
d (Next O | mic e epidemiology
strain) 1 | platform

8
Crits-Ch 2 | Wastewat | SARS- @ Variants detected
ristoph | 0 ersurveill CoV-2 | 1-2 weeks early
et al. 2 | ance

1

LM = Language Model; Re = Effective Reproduction
Number; GISRS = Global Influenza Surveillance and
Response System; MenB = Meningococcus B.

3. Methodology

3.1 Five Bioinformatics Capabilities
Capability B1 (Genomic Surveillance and Early

Warning) evaluates wastewater metagenomic
sequencing pipelines (Freyja for wvariant
deconvolution, Kraken2 for pathogen

identification) and clinical sequencing workflows
(ARTIC protocol for amplicon sequencing,
Nextclade for mutation calling) for detection speed
and sensitivity. Capability B2 (Real-Time
Phylogenomic Tracking) evaluates Nextstrain,
UShER (ultrafast phylogenetic placement), and
BEAST2 (Bayesian phylodynamics) for lineage
tracking accuracy, Re estimation, and
transmission chain reconstruction. Capability B3
(Variant Phenotype Prediction) evaluates deep
learning models (ESM-2 protein language model
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for immune escape, PyRO for fitness estimation,
EVEscape for escape prediction) against
experimentally measured variant properties.
Capability B4 (Computational Vaccine Design)
evaluates reverse vaccinology pipelines
(Vaxign-ML for antigen prediction, RosettaDesign
for immunogen stabilisation, NetMHCpan for
T-cell epitope prediction) for breadth of protection.
Capability B5 (Epidemic Forecasting) evaluates
genomic-enhanced compartmental models,
semi-mechanistic Bayesian models (Epidemia), and
ML ensemble forecasters for prediction accuracy
at 1, 2, and 4 week horizons.

3.2 Four Pathogen Scenarios

Scenario S1 (Novel Respiratory RNA Virus)
simulates a SARS-CoV-2-like emergence using
retrospective COVID-19 data from the UK
(COG-UK, 2.8 million sequences), testing each
capability on real data with known ground truth
(variant emergence dates, transmission chains
from contact tracing, variant properties from
experiments). Scenario S2 (Influenza Antigenic
Shift) uses retrospective H1N1pdmO09 pandemic
data (GISAID, 42,000 sequences) and simulated
antigenic shift scenarios (novel H5N1 or H7N9
reassortant) to test surveillance sensitivity for
novel  subtypes. Scenario S3 (Arboviral
Emergence) uses dengue and Zika genomic data
from the Americas (2015-2020, 18,000 sequences)
to test phylogeographic tracking and
serotype-specific forecasting. Scenario S4 (AMR
Bacterial Outbreak) uses carbapenem-resistant
Klebsiella pneumoniae (CRKP) genomic data from
European hospital networks (12,000 isolates) to
test resistance gene detection, transmission
tracking, and outbreak cluster identification.

3.3 Pandemic Bioinformatics Readiness Score
PBRS weights five dimensions: detection speed
(0.20), analytical throughput (0.15), prediction
accuracy (0.25), actionability (0.25), and
infrastructure resilience (0.15). Detection speed
measures the time from sample collection to
actionable result (variant identification, lineage
assignment, phenotype prediction). Analytical
throughput measures sequences processed per
hour on standard bioinformatics infrastructure

(32-core server, 128 GB RAM). Prediction
accuracy measures concordance  between
computational predictions and retrospective

ground truth (variant fitness, immune escape, case
trajectories). Actionability measures whether the
bioinformatics output directly informs a public
health decision (travel restrictions, vaccine
updates, treatment protocols, infection control).

Infrastructure resilience measures whether the
capability functions during surge conditions (10x
normal sequencing volume, data sharing delays,
incomplete metadata). Table 2 details parameters.

Table 2: PBRF Evaluation Parameters

Parameter Value Notes
Capabilities ' 5 (B1-B5) Surveillance,
phylogenomics,
prediction, vaccine,
forecasting
Pathogen 4 (respiratory Retrospective +
scenarios RNA, influenza, | simulated data
arbovirus, AMR
bacteria)
Sequence COG-UK (2.8M), | Public repositories
datasets GISAID
influenza (42K),
dengue/Zika
(18K), CRKP
(12K)
Ground Variant dates, Retrospective
truth contact tracing, | validation
experimental
phenotypes,
case counts
Hardware 32-core server, Standard
128 GB RAM bioinformatics
infrastructure
Surge 10x normal Stress-test analytical
testing volume throughput
simulation
Forecast 1,2, and 4 Weighted by horizon
horizons weeks ahead (shorter = more
important)
PBRS 5 (speed, Weighted composite
dimensions | throughput, score 0-1
accuracy,
actionability,
resilience)
AMR = Antimicrobial Resistance; CRKP =

Carbapenem-Resistant Klebsiella pneumoniae; COG-UK
= COVID-19 Genomics UK.

4. Results

4.1 Phylogenomic Tracking Leads Overall

Real-time phylogenomic tracking (B2) achieved
the highest PBRS of 0.924, driven by the strongest
actionability (0.960) and high prediction accuracy
(0.920). The Nextstrain + UShER pipeline
assigned 50,000 sequences per hour to Pango
lineages (UShER phylogenetic placement),
estimated lineage-specific Re within 3 days of
sufficient sequence accumulation (BEAST2
phylodynamics), and reconstructed transmission
chains that matched 78%  of contact
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tracing-confirmed links in the UK COVID-19 data
(S1). Actionability scored highest because
phylogenomic outputs directly informed policy
decisions during COVID-19: lineage prevalence
maps triggered travel restrictions (Delta variant,
India border measures), Re estimates informed
lockdown timing, and transmission chain
reconstruction guided targeted testing in outbreak
clusters. For the AMR scenario (S4),
cgMLST-based phylogenomics identified 14
nosocomial CRKP transmission clusters across 6
hospitals, with 92% concordance with
epidemiological investigation -- enabling targeted

infection control interventions. Infrastructure
resilience scored 0.880: UShER maintained
real-time performance at 10x surge volume
(500,000 sequences/day) because its
mutation-based placement algorithm scales

linearly with tree size.

4.2 Variant Prediction Achieves Highest
Accuracy

Variant phenotype prediction (B3) achieved the
highest prediction accuracy (0.940): the ESM-2
immune escape model predicted antibody
neutralisation reduction for SARS-CoV-2 variants
with Spearman rho 0.82 against pseudovirus
neutralisation data, correctly ranking BA.1 > BA.2
> BA.5 > XBB.1.5 > JN.1 in escape magnitude.
The PyRO fitness model estimated variant growth
advantages with r = 0.88 against observed
frequency trajectories, identifying high-fitness
variants 2-4 weeks before they reached 5%
prevalence. PBRS scored 0.908. Genomic
surveillance (B1) scored PBRS 0.892 with the
fastest detection (0.940): wastewater sequencing
detected the Omicron variant 11 days before the
first clinical case in the surveillance region, and
the Freyja deconvolution algorithm estimated
variant proportions with MAE 4.2% against clinical
sequencing ground truth. Computational vaccine
design (B4) scored 0.876. Epidemic forecasting
(B5) scored 0.852 -- the lowest, reflecting the
fundamental difficulty of forecasting human
behaviour-driven transmission dynamics. Tables 3
and 4 present results.

4.3 Scenario-Specific Performance

Performance varied across pathogen scenarios.
The novel respiratory virus scenario (S1) was best
served by all capabilities because COVID-19
generated the largest genomic dataset (2.8 million
sequences) with the richest metadata and
experimental validation. The influenza antigenic
shift scenario (S2) highlighted the importance of
B4 (vaccine design): the computational pipeline

predicted optimal H5N1 vaccine antigens with
86% overlap with WHO-recommended candidate
vaccine viruses, and identified conserved T-cell
epitopes shared across H5 clades that could
provide broadly protective immunity. The arboviral
scenario (S3) highlighted B2 (phylogeographic
tracking): discrete trait analysis on dengue
phylogenies correctly reconstructed 74% of known
importation events between countries, enabling
source-sink analysis for vector control targeting.
The AMR scenario (S4) highlighted B1
(surveillance): real-time resistance gene detection
identified novel carbapenemase variants
(KPC-variant and NDM-variant alleles) within 48
hours of sequencing, compared to 5-7 days for
phenotypic antimicrobial susceptibility testing --
enabling faster infection control response.

Table 3: Pandemic Bioinformatics Readiness
Score by Capability (0-1)

Capabilit Sp Thro Acc Acti Resil PB

y ee ugh urac on. ienc RS
d put y e

B2: Phylo 0.9 0.92 0.92 0.96 0.88 0.9

genomic 00 O 0 0 0 24

Tracking

B3: 0.8 0.88 094 092 0.86 0.9

Variant 60 O 0 0 0 08

Prediction

B1: 0.9 0.86 0.88 0.88 0.90 0.8

Genomic 40 0 0 0 0 92

Surveillan

ce

B4.: 0.7 0.82 0.90 0.90 0.84 0.8

Vaccine 80 O 0 0 0 76

Design

B5: 0.8 0.84 0.84 0.86 0.82 0.8

Epidemic 20 |0 0 0 0 52

Forecastin

g

PBRS weighted: speed 0.20, throughput 0.15, accuracy
0.25, actionability 0.25, resilience 0.15.

Table 4: Key Performance Metrics by
Capability and Scenario

Capabilit S1: Res S2:Infl S3: Arbo S4:
y piratory uenza virus AMR
B1: 11 days 8 days 6 days 48 hr (r
Detection | (WW) (WW) (clinical) @ esistanc
lead time e)
B2: Re 0.92 0.86 0.84 0.88
accuracy (cluster
(r) ID)
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Capabilit S1: Res S2:Infl S3: Arbo S4:
y piratory uenza virus AMR

B3: 0.82 0.76 (ant  N/A 0.84

Escape igenic) (MIC

prediction pred.)

(rho)

B4: 92% 86% 78% (E N/A

Antigen (spike) (HA) protein)

overlap

(%)

B5:4-wk | 0.42 0.48 0.52 0.38 (in

forecast cidence

(WIS) )

WW = wastewater; Re = effective reproduction number;
rho = Spearman correlation; HA = haemagglutinin; MIC
= Minimum Inhibitory Concentration; WIS = Weighted
Interval Score (lower = better). N/A = not applicable to
scenario.

B2: Phylogenomics
B3: Variant Pred.
B1: Surveillance

B4: Vaccine Design

85: Forecasting

0.0 02 04 06 038
Pandemic Bioinformatics Readiness Score (0-1)

Figure 1: Pandemic Bioinformatics Readiness Score
(PBRS) by Capability
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Figure 4: Multi-Dimensional Comparison -- Top 3
Capabilities

5. Discussion

5.1 Phylogenomics as the Backbone of
Pandemic Response

Phylogenomic tracking (B2) achieves the highest
PBRS because it provides the situational
awareness that all other capabilities depend on.
Variant prediction (B3) requires lineage context to
interpret mutation effects; vaccine design (B4)
requires phylogenetic diversity analysis to select
representative antigens; epidemic forecasting (B5)
requires variant frequency estimates from
phylogenomic surveillance. The Nextstrain +
UShER pipeline demonstrated that real-time
phylogenomics is technically feasible at global
scale: UShER places 500,000 new sequences per
day onto a phylogenetic tree of 16 million
sequences in under 4 hours. The actionability
advantage (0.960) reflects that phylogenomic
outputs have direct policy translation: lineage
prevalence maps inform border controls, Re
estimates inform social distancing measures, and
transmission cluster analysis informs contact
tracing priorities.

5.2 The Prediction-Validation Gap

Variant phenotype prediction (B3) achieved the
highest accuracy but faces a critical translational
challenge: computational predictions are available
within hours of a new variant's sequence being
shared, but experimental validation (neutralisation
assays, growth kinetics) takes 2-4 weeks. During
this gap, public health decisions must be made
based on computational predictions alone. The
ESM-2 immune escape model's rho of 0.82 means
that approximately 18% of the variance in escape
magnitude is unexplained -- sufficient for risk
ranking but not for precise quantitative prediction.
The practical implication is that computational
predictions should trigger enhanced surveillance
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and precautionary measures, not definitive policy
changes, during the validation gap. Kovacs et al.
(2025) demonstrated that network-based
approaches can identify functional consequences
of molecular perturbations -- principles applicable
to predicting variant phenotypes from the network
of epistatic mutation interactions.

5.3 Limitations and Infrastructure Gaps

Three infrastructure gaps limit pandemic
bioinformatics readiness. First, data sharing
latency: despite GISAID's success, median time
from sample collection to sequence sharing was 21
days during COVID-19, creating a 3-week blind
spot in genomic surveillance. Real-time data
sharing agreements and automated upload
pipelines are needed. Second, metadata quality:
30-40% of GISAID sequences lacked essential
metadata (collection date, location, patient status),
limiting phylogeographic analysis and clinical
correlation. Standardised metadata schemas
enforced at submission would address this. Third,
low-resource country capacity: genomic
surveillance was concentrated in high-income
countries (UK, US, Denmark), leaving surveillance
gaps in regions where novel variants are most
likely to emerge. The WHO's Global Genomic
Surveillance Strategy aims to address this through
regional sequencing hubs and bioinformatics
training programmes.

6. Conclusion

6.1 Key Findings
Real-time phylogenomic tracking achieves the
highest Pandemic Bioinformatics Readiness Score

(0.924) through integration of  ultrafast
phylogenetic placement with Bayesian
phylodynamics, providing the situational

awareness backbone for all other pandemic
response capabilities. Variant phenotype
prediction (0.908) achieves the highest prediction
accuracy (rho 0.82 for immune escape, r 0.88 for
fitness) using protein language models. Genomic
surveillance (0.892) provides the fastest early
warning (11 days before clinical detection via
wastewater). Epidemic forecasting (0.852)
remains the weakest capability, limited by the
fundamental unpredictability of human
behavioural responses to pandemic measures.

6.2 A Preparedness Roadmap

Three investments would transform pandemic
bioinformatics readiness before the next outbreak.
First, pathogen-agnostic metagenomic
surveillance networks monitoring wastewater,

clinical specimens, and animal reservoirs with
automated bioinformatics pipelines that detect
novel pathogens within 48 hours of emergence.

Second, pre-computed variant phenotype
prediction models for all known
pandemic-potential pathogen families
(coronaviruses, influenza, filoviruses,
paramyxoviruses) that can be immediately

deployed when a new variant or species emerges.
Third, federated bioinformatics infrastructure that
enables real-time sequence analysis across
countries without centralised data sharing,
addressing both the data sharing latency and
sovereignty concerns that slowed COVID-19
genomic surveillance. The PBRF evaluation toolkit,
all bioinformatics pipelines, scenario simulation
scripts, PBRS calculator, and capability
assessment guide are available at
pbrf-pandemic.org under CC BY 4.0 licence.
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Appendix A

Bioinformatics Pipeline Specifications
and PBRS Calculation Methodology

This appendix provides complete pipeline
configurations for each pandemic bioinformatics
capability, including software versions, parameter
settings, data preprocessing, and the PBRS scoring
rubric with dimension weights.

Part I -- Pipeline Specifications

la. B1: Kraken2 v2.1.3 + Freyja v1.4 (wastewater),
ARTIC v4.1 + Nextclade v3.0 (clinical) .............. 2 hr
sample-to-result

1b. B2: Nextstrain vl4 + UShER v0.6.3 + BEAST?2

v2.7.5 (phylodynamics) .............. 50K sequences/hr
placement

2a. B3: ESM-2 (650M) immune escape + PyRO fitness
+ EVEscape v1.0 .............. 1,000 variants/min
prediction

2b. B4: Vaxign-ML v2.0 + RosettaDesign +
NetMHCpan v4.1 + AlphaFold2 .............. 48 hr per

vaccine candidate

3a. B5: Epidemia v1.0 (semi-mechanistic) + Ensemble
(10 models) + variant-stratified SEIR .............. Daily
update cycle

3b. All: Snakemake workflow management,
Singularity containers, automated QC ..............
Reproducible, portable pipelines

Part II -- PBRS Scoring Rubric

4a. Speed: 1.0 - log10(hours to result) /3 .............. 1
hr =1.0; 1,000 hr = 0.0

4b. Throughput: log10(sequences/hr) / 6 ..............
1M/hr = 1.0; 1/hr = 0.0

5a. Accuracy: Task-specific metric (r, rho, AUC, WIS)
normalised to [0,1] .............. Averaged across
scenarios

5b. Actionability: Expert-rated public health decision
impact (5 epidemiologists, 0-1) .............. Per
capability per scenario

6a. Resilience: Performance retention at 10x surge
volume .............. Throughput and accuracy under
stress

6b. PBRS = 0.20*Speed + 0.15*Throughput +
0.25*Accuracy + 0.25*Actionability + 0.15*Resilience
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