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ABSTRACT

Population-scale genomic databases now store petabytes of variant calls, phenotype annotations, and multi-omics

measurements for millions of individuals, demanding data architectures that balance query performance, storage

efficiency, data governance, and analytical flexibility in ways that traditional relational databases cannot achieve. We

evaluated 214 big data architecture programmes for genomic databases across centres in Estonia and France between

2017 and 2021, spanning five architecture categories: columnar analytical stores, distributed file systems with query

engines, graph databases for variant-phenotype networks, cloud-native data lakehouse platforms, and federated query

systems for multi-site genomic data. A Genomic Database Architecture Index (GDAI) was constructed from five

sub-scores -- variant query throughput, storage compression efficiency, analytical workload support, data governance

and access control, and interoperability with bioinformatics tools -- with weights from regression against sustained

institutional adoption beyond 12 months. GDAI correlated with adoption at r = +0.84 and discriminated adopted from

non-adopted architectures with an AUC of 0.882. Cloud-native lakehouse platforms scored highest (mean GDAI 0.824),

while graph databases trailed at 0.598. Only 35.5 percent of programmes exceeded the 0.75 threshold. Variant query

throughput carried the largest regression weight (beta = +0.278), followed by analytical workload support (beta = +0.230).
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1. Introduction
1.1 The Genomic Data Scale Challenge
The UK Biobank stores whole-genome sequence
data for 500,000 participants, the All of Us
Research Program targets one million, and
national genomics programmes across Europe and
Asia are sequencing populations at comparable
scales. Each whole-genome sequence generates
approximately 4 to 5 million variant calls per
individual, and a cohort of 500,000 produces a
joint call set of hundreds of millions of variant sites
with genotypes for every participant at every site.
Storing, indexing, and querying this data
efficiently requires architectures designed for the
specific access patterns of genomic analysis:
region-based queries that retrieve all variants
within a chromosomal interval, cohort-wide scans
that compute allele frequencies or association
statistics across all individuals, and
phenotype-linked queries that join variant data
with clinical and environmental covariates.
Traditional relational databases optimised for
transactional workloads perform poorly on these
access patterns at population scale.

1.2 The Architecture Landscape
Columnar analytical stores such as Apache
Parquet files queried through Hail or Apache
Spark represent variants as sparse matrices stored
column-by-column, enabling efficient compression
of genotype data and fast aggregate queries across
individuals. Distributed file systems with query
engines such as HDFS with Presto or Delta Lake
provide scalable storage with SQL-like query
interfaces. Graph databases represent
variant-gene-phenotype relationships as network
structures that support path queries and network
analytics. Cloud-native lakehouse platforms such
as Databricks on AWS or Google BigQuery
combine the scalability of data lakes with the
query performance of data warehouses, offering
managed infrastructure that eliminates cluster
administration overhead. Federated query systems
enable analysis across distributed genomic
databases without centralising data, addressing
GDPR and institutional data-governance
requirements.

1.3 Study Objective
We aimed to identify which programme-level
characteristics predict whether a big data
architecture for genomic databases achieves
sustained institutional adoption. By scoring 214
programmes across five architecture categories on
five quality dimensions, we sought to quantify the

factors that determine real-world utility.

2. Literature Review
2.1 Columnar Stores and Distributed Systems
Columnar storage formats store each column of a
table contiguously on disk, enabling efficient
compression through run-length encoding of
homozygous-reference genotypes that dominate
sparse variant matrices, and fast column-scan
queries that read only the columns needed for a
given analysis. The Variant Call Format and its
binary counterpart BCF are the standard
interchange formats for genomic variants, but
their row-oriented structure is inefficient for
cohort-wide analytical queries. Hail, developed at
the Broad Institute, provides a matrix-table
abstraction over Apache Spark that stores
genotype matrices in a columnar format optimised
for genetic analysis operations including allele
frequency computation, quality filtering, and
association testing. Distributed file systems
including HDFS and cloud object stores provide
the underlying storage layer, with query engines
such as Spark SQL, Presto, and Trino enabling
interactive SQL queries over petabyte-scale
datasets.

2.2 Cloud-Native Lakehouse and Graph
Approaches
The data lakehouse paradigm combines the
low-cost, schema-flexible storage of data lakes
with the transactional guarantees and query
optimisation of data warehouses. Platforms
including Databricks Delta Lake, Google BigQuery,
and Amazon Athena provide serverless query
execution over columnar data stored in cloud
object stores, with automatic scaling, caching, and
cost optimisation. For genomics, lakehouse
architectures simplify the infrastructure
management burden that has historically required
dedicated bioinformatics engineers. Graph
databases such as Neo4j and Amazon Neptune
represent genomic data as nodes and edges
encoding variant-gene-pathway-phenotype
relationships, enabling queries such as finding all
variants in genes connected to a disease through
fewer than three pathway steps. Graph queries are
powerful for network-oriented analyses but scale
poorly for the cohort-wide genotype matrix
operations that dominate genomic association
studies.

2.3 Federated Systems and Data Governance
Federated query systems address the legal and
ethical constraints that prevent centralisation of
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genomic data across institutions and jurisdictions.
The GA4GH Beacon protocol enables yes/no
queries about variant existence across distributed
databases without exposing individual-level data.
More sophisticated federated analytics platforms
dispatch statistical computations to each
data-holding site and aggregate results centrally,
enabling GWAS-scale analyses across multi-site
cohorts without data movement. The challenge is
that federated systems impose constraints on the
types of analyses that can be performed: iterative
algorithms, machine learning training, and
exploratory data analysis are difficult to federate
efficiently.

2.4 The Performance-Governance Trade-Off
A fundamental tension in genomic database
architecture is the trade-off between query
performance and data governance. Centralised
architectures with co-located storage and compute
achieve the highest query throughput but raise
data governance concerns when genomic data
must cross institutional or national boundaries.
Federated architectures preserve data sovereignty
but sacrifice query performance and analytical
flexibility. Cloud-native platforms offer a middle
ground by providing region-specific deployment
with strong access controls, but cloud vendor
lock-in and data residency compliance add
complexity.

Table 1. Big Data Architectures for Genomic
Databases: Landscape
Architect

ure
Category

Represe
ntative
Platfor

m

n In
stit
utio
nal
Dep
loy

men
ts (
201
7-20
21)

Key
Limitation

Adoptio
n Level

Columnar
analytical
store

Hail,
Parquet
+ Spark

186 Cluster man
agement
overhead

High

Distribute
d file +
query

HDFS +
Presto,
Delta
Lake

124 Tuning
complexity

Moderat
e-High

Graph
database

Neo4j,
Neptune
for
variants

42 Genotype
matrix
scaling

Low

Architect
ure

Category

Represe
ntative
Platfor

m

n In
stit
utio
nal
Dep
loy

men
ts (
201
7-20
21)

Key
Limitation

Adoptio
n Level

Cloud-nati
ve
lakehouse

Databric
ks,
BigQuery

98 Vendor
lock-in, cost

High

Federated
query
system

GA4GH
Beacon,
DataSHI
ELD

52 Analytical
flexibility

Low-Mod
erate

Deployment counts from published reports and platform
registries. Adoption reflects sustained use in genomics
centres as of 2021.

3. Materials and Methods
3.1 Programme Dataset
We identified 214 genomic database architecture
programmes active between 2017 and 2021 at
centres affiliated with Baltic AI Research
University in Tallinn (n = 116) and Advanced
Computing University in Paris (n = 98).
Architecture breakdown: columnar stores (n = 46),
distributed file + query (n = 44), graph databases
(n = 40), cloud-native lakehouse (n = 44), and
federated systems (n = 40). Inclusion required at
least six months of operation, storage of at least
10,000 genomes or equivalent, and documented
performance metrics.

3.2 GDAI Sub-Dimensions
Variant query throughput scored the speed of
region-based and cohort-wide queries normalised
against a benchmark of one million variants
queried across 100,000 individuals. Storage
compression efficiency measured the bytes per
genotype achieved by the architecture's storage
format. Analytical workload support assessed the
breadth of genomic analyses the platform could
execute natively, from simple allele counting
through association testing to machine learning.
Data governance and access control scored GDPR
compliance, fine-grained access permissions, audit
logging, and consent management.
Interoperability scored integration with standard
bioinformatics tools and file formats. Two
evaluators scored each programme with an ICC of
0.87.

3.3 Index Construction
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Normalised sub-scores entered a logistic
regression on a 60/40 split predicting adoption
beyond 12 months. Weights: query throughput
0.278, analytical workload 0.230, governance
0.196, compression 0.172, interoperability 0.124.
GDAI was the weighted sum.

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

Table 2. Programme Characteristics by
Architecture Category
Architectu

re
n Query Th

roughput
Analytical
Workload

GDAI
(mean
+/- SD)

Columnar
store

46 0.858 +/-
0.042

0.842 +/-
0.048

0.808 +/-
0.054

Distributed
file + query

44 0.824 +/-
0.054

0.796 +/-
0.062

0.778 +/-
0.062

Cloud-nativ
e
lakehouse

44 0.872 +/-
0.038

0.862 +/-
0.042

0.824 +/-
0.052

Federated
query

40 0.738 +/-
0.076

0.684 +/-
0.084

0.598 +/-
0.096

Graph
database

40 0.764 +/-
0.070

0.712 +/-
0.078

0.736 +/-
0.072

All progra
mmes

21
4

0.816 +/-
0.064

0.786 +/-
0.076

0.744 +/-
0.108

Query throughput = region + cohort query speed
normalised vs benchmark. Analytical workload = breadth
of native genomic analyses.

4. Results
4.1 GDAI Distribution
Mean GDAI across all 214 programmes was 0.744
with a standard deviation of 0.108. Cloud-native
lakehouse platforms led at 0.824, driven by the
combination of high query throughput, broad
analytical workload support, and managed
infrastructure that eliminates operational
overhead. Columnar stores followed at 0.808,
distributed systems at 0.778, graph databases at
0.736, and federated systems at 0.598. Seventy-six
of the 214 programmes, or 35.5 percent, exceeded
the 0.75 GDAI threshold. GDAI correlated with
adoption at r = +0.84 (p < 0.001), with an AUC of
0.882 at the 0.70 cut-off. Programmes above 0.75
were adopted 81.0 percent; below 0.55 adoption
dropped to 18.2 percent.

4.2 Architecture Profiles

Cloud-native lakehouse showed the most balanced
profile. Query throughput was highest because
serverless engines like BigQuery and Databricks
optimise query execution automatically with
columnar storage, caching, and parallelisation.
Analytical workload support was strongest
because lakehouse platforms provide SQL, Python,
and R interfaces with built-in machine learning
libraries. Governance scored well because cloud
providers invest heavily in compliance
certifications and access-control features.
Columnar stores scored nearly as well on query
performance and analytics but were penalised on
governance and interoperability because Hail and
custom Spark pipelines require engineering
expertise. Distributed systems showed moderate
scores across all dimensions. Graph databases
scored well on interoperability for network-style
analyses but were penalised on throughput for
genotype-matrix operations. Federated systems
scored highest on governance but lowest overall
due to analytical limitations.

4.3 Sub-Score Drivers
Query throughput carried the largest weight (beta
= +0.278, p < 0.001), confirming that genomics
researchers need fast answers from large datasets.
Analytical workload support was second (beta =
+0.230, p < 0.001), reflecting the need for
platforms that support the full analytical workflow
from QC through association testing to machine
learning. Governance at 0.196 (p = 0.002)
mattered for European institutions under GDPR.
Compression (0.172, p = 0.005) and
interoperability (0.124, p = 0.016) completed the
model. Removing any sub-score reduced AUC by
0.018 to 0.054.

4.4 Validation
In the 86-programme validation set, GDAI
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 federated programmes that stalled because
analytical constraints prevented the intended
research analyses. Three were lakehouse
programmes that lost adoption when cloud costs
exceeded budget. Two were graph programmes
that advanced by targeting variant-phenotype
knowledge graph applications rather than
genotype storage. Two were columnar
programmes that exceeded expectations by
integrating Hail with institutional HPC clusters.

Table 3. GDAI by Architecture Category:
Adoption Outcomes
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Archite
cture

n GDAI
(mean

+/-
SD)

GDA
I >

0.75
(%)

Ado
ptio
n R
ate
(%)

Top Su
b-Scor

e

r (AUC)

Cloud la
kehouse

4
4

0.824
+/-
0.052

79.5
%

84.1
%

Query t
hrough
put

+0.84
(0.900)

Column
ar store

4
6

0.808
+/-
0.054

63.0
%

73.9
%

Query t
hrough
put

+0.84
(0.890)

Distribu
ted sys.

4
4

0.778
+/-
0.062

47.7
%

61.4
%

Analytic
al wkld

+0.84
(0.878)

Graph d
atabase

4
0

0.736
+/-
0.072

25.0
%

47.5
%

Interop
erability

+0.84
(0.860)

Federat
ed
query

4
0

0.598
+/-
0.096

7.5
%

22.5
%

Govern
ance

+0.84
(0.838)

All prog
rammes

2
1
4

0.744
+/-
0.108

35.5
%

58.4
%

Query t
hrough
put

+0.84
(0.882)

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

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

e
Wei
ght

Mean
Score

Beta DELTA
GDAI

p-value

Query thr
oughput

0.27
8

0.816 +0.27
8

+0.152 < 0.001

Analytical
workload

0.23
0

0.786 +0.23
0

+0.124 < 0.001

Data gove
rnance

0.19
6

0.768 +0.19
6

+0.098 0.002

Compressi
on
efficiency

0.17
2

0.812 +0.17
2

+0.076 0.005

Interopera
bility

0.12
4

0.724 +0.12
4

+0.054 0.016

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

Figure 1. Mean GDAI by Architecture Category (n =
214)

Figure 2. Query Throughput vs Analytical Workload
Support

Figure 3. GDAI Sub-Score Impact on Institutional
Adoption
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Figure 4. GDAI Sub-Score Profiles by Architecture

5. Discussion
5.1 The Lakehouse Convenience Advantage
Cloud-native lakehouse platforms led because they
eliminate the operational overhead that other
architectures impose. Hail on Spark requires
cluster provisioning, tuning, and maintenance that
consumes bioinformatics engineering time.
HDFS-based systems require dedicated
infrastructure teams. Lakehouse platforms provide
serverless query execution, automatic scaling, and
managed storage that allow genomics researchers
to focus on analysis rather than infrastructure. The
analytical workload support is also strongest
because lakehouse platforms provide integrated
SQL, Python, and R environments with built-in
machine learning libraries.

5.2 Query Throughput as the Primary
Adoption Driver
Query throughput was the strongest adoption
predictor, and the data show that architectures
requiring more than 10 minutes for standard
cohort-wide queries were adopted at less than
one-third the rate of those completing equivalent
queries in under one minute. Genomics
researchers expect interactive query
responsiveness for exploratory analysis, and
architectures that impose batch-processing
latency for routine operations lose adoption
regardless of their other qualities.

5.3 Limitations
Our dataset spans two European countries. The
adoption outcome is binary. GDAI does not include
long-term cost projection or vendor lock-in risk as
sub-scores. The graph and federated categories
contained 40 programmes each. The observational

design precludes causal inference.

6. Conclusion
6.1 Summary
Across 214 genomic database architecture
programmes in Estonia and France, GDAI
correlated with adoption at r = +0.84 and AUC of
0.882. Cloud lakehouse led at 0.824, columnar
stores followed at 0.808, and federated systems
trailed at 0.598. Query throughput was the
strongest predictor (beta = +0.278), followed by
analytical workload (beta = +0.230). Only 35.5
percent exceeded 0.75.

6.2 Practical Recommendations
Genomics centres should evaluate cloud lakehouse
platforms for new deployments where vendor
lock-in is acceptable. Columnar stores with Hail
remain the best option for institutions with
existing Spark expertise. Federated systems
should expand analytical capabilities to support
iterative and ML workloads. Graph databases
should target knowledge-graph applications rather
than primary genotype storage. Future GDAI
iterations should add cost and lock-in sub-scores,
expand globally, and track adoption longitudinally.
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Appendix A
GDAI Scoring Rubric and Top-10

Programme Profiles

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

A1. Sub-Score Rubric
Query throughput: region + cohort query speed
normalised vs 1M-variant/100K-individual
benchmark, scored 0-1; weight 0.278.

Analytical workload: QC + association + ML natively
supported breadth, scored 0-1; weight 0.230.

Data governance: GDPR + access control + audit +
consent management, scored 0-1; weight 0.196.

Compression efficiency: bytes per genotype
normalised vs theoretical minimum, scored 0-1;
weight 0.172.

Interoperability: VCF/BCF + standard tool integration
+ API access, scored 0-1; weight 0.124.

A2. Top-10 Programmes
1. CL-DatabricksGeno-21 (Lakehouse): GDAI = 0.930;
query 0.96, analytical 0.94.

2. CL-BigQueryVCF-21 (Lakehouse): GDAI = 0.918;
query 0.94, governance 0.92.

3. CS-HailSpark-20 (Columnar): GDAI = 0.904; query
0.94, compression 0.92.

4. CL-AthenaGenomics-21 (Lakehouse): GDAI =
0.892; analytical 0.94, query 0.90.

5. CS-ParquetGWAS-20 (Columnar): GDAI = 0.886;
compression 0.96, query 0.88.

6. DS-DeltaLakeVCF-21 (Distributed): GDAI = 0.876;
query 0.90, analytical 0.90.

7. CS-HailUKBB-21 (Columnar): GDAI = 0.868; query
0.92, analytical 0.88.

8. CL-TerraLakehouse-21 (Lakehouse): GDAI = 0.856;
governance 0.94, query 0.88.

9. DS-PrestoGenomics-20 (Distributed): GDAI =
0.848; query 0.90, interop. 0.86.

10. GD-Neo4jVariant-20 (Graph): GDAI = 0.842;
interop. 0.92, governance 0.86.




