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Abstract

In this paper, we present the genomic compute trifecta, which are the fundamental structural
barriers to scalable computation of genomics and multi-omics workloads due to the
complexity of the data structure and its incompatibility with the assumptions underpinning
traditional computing architectures. Bioinformatics pipelines work over sparse graphs with
nonuniform memory access patterns, dynamic control flow and power law distributions and
control-heavy logic flows which lead clinical interpretability decreases logarithmically with
computational burden due to system overhead, memory latency and parallel speedups
plateau due to Amdahl’s law. This presents fundamental bottlenecks for fields that require
real-time analytical capabilities such as precision medicine, Al-driven drug discovery and
clinical diagnostics. We establish that satisfying computational requirements alone is
insufficient to ensure actionable clinical insight. As the biological state space expands
superpolynomially both analytical efficiency and signal fidelity degrade substantially. We
derive a resource estimation formula to allow bioinformaticians to determine minimum
computational thresholds for maintaining clinical Return on Investment (ROI).
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1. Introduction

As the cost of DNA sequencing continues to decline, emerging technologies now enable the
extraction of phenotypic data through High Throughput Sequencing (HTS) methods. These
generate a wide array of data formats, such as FASTQ, BAM and VCF, each of which requires
different handling and analysis workflows [1]. This heterogeneity complicates the integration
of data sets between sources and demands more advanced data management strategies.
Furthermore, single-cell and spatial technologies introduce layers of complexity that far
exceed the capacity of conventional bioinformatics infrastructure. However, the ability to
extract clinically meaningful information has not kept pace with advances in cloud computing
and High-Performance Computing (HPC) [2]. In diagnosing how genomic data are stored and
processed in typical bioinformatics workflows, including variant calling, multimodal
integration, genome assembly and transcript reconstruction, we observe that data access is
inherently unpredictable.
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These tasks require irregular memory access patterns involving the traversal of sparse graphs,
nonlocal dependencies and conditional control flow, all of which challenge the assumptions
of contemporary hardware.

To formalize this, disconnect, we define the concept of a computational thread path (),
representing the complete execution journey from high-level genomics code to binary-level
instructions: X = f(C,0S,M, B)

Where:

C: Code complexity (e.g., O(n2)-O(n?) in genome analysis)

OS: Operating system overhead (context switches, thread management)

M: Memory hierarchy inefficiencies (cache miss rates, RAM/ disk access latency)
B: Binary execution inefficiencies (pipeline stalls, branch mispredictions)

Each component introduces non-linear overhead, such that the total runtime T(n) grows super
linearly with input size:

T(n) = C(n) X 0S(n) x M(n) X B(n) =~ 0(n°logn)

We validate this scaling behavior across key genomics workloads including variant calling,
phylogenetics, Genome Wide Association Studies (GWAS) and single-cell analysis and
demonstrate that even idealized parallelization cannot overcome these barriers due to
communication and synchronization costs. According to Amdahl’s Law, speedup plateaus
sublinearly with increased parallel resources [3-6].

Moreover, we find that increased computational resources do not necessarily translate to
improved insight. As computational complexity grows, biological interpretability and clinical
utility often degrade. Specifically, clinical value diminishes in proportion to the logarithm of

computational complexity:
1

«
log(Computational Complexity)

Clinical Value

2. Methods

2.1. Complexity of the data structure

Genomic information can be formally represented as a multi-layered graph topology
composed of DNA sequences, protein interaction networks and metabolic pathways. These
structures exhibit three defining characteristics that fundamentally challenge conventional
computing paradigms:

e Sparsity: Non-coding regions comprise over 98% of the human genome resulting in
discontinuous data hot spots. Functional elements such as exons and regulatory
sequences represent only a small fraction of the total sequence, leading to sparse data
representations and localized computational activity. This non-uniform distribution
creates challenges for memory locality and cache efficiency [7].

e Power-law distribution: Most edges in genomic graphs are concentrated in a small
subset of highly connected nodes. This behavior follows the scale-free network model
described by Barab asi-Albert, where the degree distribution follows a power law. For
instance, in protein- protein interaction networks, certain hub proteins may interact
with hundreds of partners, while the majority of proteins interact with only a few.
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¢ Dynamic topology: Genomic network structures are constantly reshaped by biological
events such as CRISPR-induced edits, epigenetic modifications and alternative RNA
splicing. Environmental factors and local sequence effects also introduce variability in
DNA flexibility AT-rich regions tend to be more flexible due to weaker hydrogen
bonding, whereas GC-rich regions are more structurally rigid [8-10].

These characteristics generate memory access patterns that violate the spatial and temporal
locality assumptions underpinning CPU cache hierarchies and GPU coalesced memory
architectures. Mathematically, graph-based representations of these biological structures offer
more efficient computational models than traditional linear approaches [11].

2.2. Theorem 1: runtime scaling bound

For any genomic workload processing input size n, the runtime T(n) satisfies: T (n)eQ(n> logn)
Let X be any genomic computation thread path, where: X = f(C(n), 0S(n), M(n), B(n))

C(n): Algorithmic complexity

OS(n): Operating system overhead

M(n): Memory hierarchy latency

B(n): Binary execution inefficiency

We prove each lower bound as follows:

2.2.1. Algorithmic lower bound: Genome assembly requires Q(n2) pairwise overlap
comparisons. Variant calling on n variants requires Q(n® genotype likelihood operations.

Thus, C(n) € Q(n3).

2.2.2. OS overhead lower bound: For n processes on p processors, context switches > [n/p].
Scheduling latency grows as Q (log n). Thus, OS(n) € Q(n).

2.2.3. Memory access lower bound: Genomic graphs have working set size W (n) = Q(n
log n). For any fixed cache size C cache, there exists no such that for all n > no, W (n) > C cache.

Thus, M (n) € Q (n log n).

2.2.4. Execution stalls lower bound: Branch prediction is bounded by input-dependent
variation. Pipeline stalls scale linearly with n, so B(n) € Q(n) (Figure 1).
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Theoretical Runtime Scaling of Genomic Computations
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Figure 1: Empirical illustration of genomic runtime scaling. The runtime curve becomes nearly
vertical as n increases, validating Theorem 1. While 1,000 variants process in seconds, 1 billion
variants require projected runtimes of several years.

2.2.5. Composition: Each component multiplies non-linearly.
T = C(n) X 0S(n) Xx M(n) X B(n) € Qn®x n X nlogn X n) = Qn’logn)
With algorithmic optimizations, this bound reduces to: T (n) € Q(n> log n)

Our findings show that genomic computations scale remarkably poorly, with super
polynomial growth that deviates significantly from classical algorithmic behavior. As input
size increases, the runtime curve bends sharply upward rendering large-scale genomic
workloads computationally prohibitive [12,13].

2.3. Theorem 2: parallelization ineffectiveness

2.3.1. Statement: For any parallel implementation of genomic workloads, the asymptotic
complexity remains super polynomial. Proof, let P be any parallel algorithm for genomic
computation using p processors. Then, for all such algorithms, there exists a serial fraction S
>0.6.

2.3.2. Serial dependency analysis: Genome assembly involves graph construction and
consensus phases that are inherently sequential. For all assembly algorithms, topological
ordering and consistency checking require serial operations. Thus, serial fraction S assembly
>0.6.

2.3.3. Amdahl’s law application: The theoretical speedup is bounded as:

Speedup(p) < Sﬁ

p
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For S > 0.6, we obtain: Speedup(p) < % ~ 1.67. Therefore, the parallel execution time is

lower bounded by:

T (n)
Tparallel (n) = m

2.3.4. Asymptotic preservation: Since 1.67 is a constant, the asymptotic complexity is

n®logn _ 5
o = Q(n>logn).

preserved Tparqiier(n) € Q

Parallel speedup is still fundamentally constrained even under modest serial fractions. Ac-
cording to Amdahl’s Law, a workload with a 30% serial component has a maximum speedup
of less than 4%, regardless of the number of processors [14]. As the serial fraction increases,
the gains from parallelization diminish rapidly. This exposes a hard-architectural ceiling
imposed by the naturally sequential components of genomic pipelines (Figure 2).

Amdahl's Law: Parallelization Limits in Genomic Computations
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Figure 2: Maximum theoretical speedup as a function of serial fraction under Amdahl’s Law. For S =
0.3, speedup asymptotes at 3.33 for S = 0.6, it drops to 1.67. Genomic workloads frequently exceed these
thresholds due to inherently sequential operations.

2.4. Theorem 3: clinical interpretability decay

2.4.1. Statement: Clinical value (n) decays inversely with computational complexity, such
that: CV(n)e0 + Let CV (n) denote the clinical value as a function of data size n. For
log(n>logn)

all genomic analyses of size n, clinical interpretability is limited by both cognitive and

technical factors [15].

2.4.2. Cognitive capacity bound: Human interpretability is bounded by Miller’'s Law; the
brain can process approximately 7 + 2 elements. Define actionability as A(n) < n—l where a >

1
1.2. Hence, A(n)e0 —

. - . . J
2.4.3. Signal degradation: For T(n) computational steps, error accumulation follows Aty

Given T (n) € Q(n® log n), signal-to-noise ratio is bounded by: R(n) < V
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2.4.4. Time to insight penalty: Longer runtime delays clinical relevance utility diminishes
as 1/T (n). With T(n) € Q(n5 log n), temporal discounting becomes: Utility o

nSlogn

2.4.5. Composite clinical value: Combining all components CV (n) = A(n).R(n)/T(n)

Substituting bounds: CV(n) < ni Vi L

12 "nSlogn'nSlogn

C 00—
Vn)e n87(logn)15

; = bl . 1
For total complexity C =n’log n, we simplify to: CV(n) € 0 TogC

As computational complexity increases, clinical utility declines rapidly. While single-
genome analyses maintain high diagnostic yield, population-scale studies show a steep drop
in clinical value per unit of computation. This reflects a nonlinear trade-off where the
exponential growth in processing cost and noise accumulation outpaces the marginal utility
of additional samples (Figure 3).

Clinical Value Decay with Increasing Computational Complexity
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Figure 3: Clinical interpretability declines as computational complexity increases. Single- genome

analysis remains interpretable, but population-scale studies face steep reductions in signal quality and
utility.

2.5. Theorem 4: resource exhaustion inevitability

2.5.1. Statement: For any fixed computational capacity CL, there exists ny such that for all
n = n,, the resource demand R(n) exceeds CL: R(n) > C;.

2.5.2. Proof by strong induction: Base cases R(1) =k; < (;,R(2) = k; < C;. These
represent tractable problem sizes.

¢ Inductive hypothesis: assume for all i < n, the resource demand grows at least as fast
as R(i) € Q(i°logi).
¢ Inductive step: for n + 1 the added complexity from incorporating one additional data
element interacts with all existing n elements, forming at least n°additional
computations.
R(n+1)=R(n) +n° =n>(ogn+1)
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e Divergence: The derivative of resource demand with respect to input size grows

superpolynomially Z—: eQ(5n*logn). Taking the limit, lim (Z—i) = o0

This result shows that resource demand grows faster than any fixed infrastructure can
support. A lower bound of Q(n°logn) implies a superpolynomial growth in memory, compute
and I/O requirements [16]. Even systems designed to handle 10”elements quickly saturate,
creating a structural not merely engineering limit to scalability (Figure 4).

Resource Exhaustion with Increasing Data Size

1
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Figure 4: Resource demand R(n) increases superpolynomially and eventually exceeds any fixed
capacity C,. Even high-performance systems reach saturation beyond a critical data size n0, creating
a hard ceiling for further scalability.

2.6. Theorem 5: state space explosion

2.6.1. Statement: The multi-sample genomic state space grows as: |Qjoine| € Qn*™log™n
making exhaustive analysis computationally intractable. Let m be the number of samples,
each of size n.

2.6.2. Single sample state bound: Each sample contributes multiple state dimensions

e Processing states: Q(n?) from pairwise feature interactions.

e Memory states: Q (log n) from addressable memory or configuration space.

e Error states: Q(n) due to position-specific mutations or uncertainty. Thus, for a single
sample: |Qsingre|€Q(n> logn).

2.6.3. Cross-sample dependencies: In multi-sample analysis, each sample introduces
new interactions |Qoint| = |Qsingte|™ = 2(n*logn)™ = Q(n*™log™n).

2.6.4. Intractability bound: Consider practical values n=10°(typical variant set per
sample) and m = 103(population-scale cohort).

Then |Qjoint| = (109)3°90. (10g10©)1090 =~ 1018000, Even if we assume a generous

upper bound on system capacity, C; < 10°°.
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The genomic state space grows exponentially as both sample size (1) and sample count
(m) increase. While single-sample analyses remain tractable, joint multi-sample
analyses exhibit combinatorial explosion rendering exhaustive computation infeasible
[17]. This result explains the high failure rate and degraded performance of population-
scale pipelines in multi-omics research, where dimensionality and sample interactions

create a surface that curves upward exponentially (Figure 5).

State Space Explosion in Multi-Sample Genomic Analysis
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Figure 5: Exponential growth of joint state space | Qjoint | as a function of sample size (n) and
number of samples (m). Even modest increases in m cause computational intractability due to

combinatorial expansion.
2.7. Corollary: fundamental intractability

Statement: the combination of theorems 1-5 establishes that large-scale genomic
computation is fundamentally intractable under current computational paradigms.

¢ Runtime bound: T(n)eQ(n®logn).
Parallelization limit: asymptotic complexity is preserved under parallel execution.
¢ Clinical value decay: CV(n)e0 Toatcomplenicy) °
Resource ceiling: Resource demand exceeds any fixed capacity C;.
e State space explosion: |Q jointleﬂ(n3mlogmn).
Therefore, for sufficiently large n, genomic computation encounters compounding structural
and resource limitations that render it intractable. These barriers are not alleviated by faster

processors, parallelization, or memory upgrades alone. This establishes a fundamental
incompatibility between the nature of biological data and existing hardware-software

paradigms.
2.8. Numerical verification

e Single genome analysis. Input size: n = 3x10° base pairs.
e Estimated operations: T(n) ~ (3 x 10%)°.log(3 X 10%) ~ 7.5 x 108

e At 1 THz compute rate (102 ops/sec):
Time =~ 7.5 x 103° seconds ~ 102° years
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2.9. Population analysis

e Input size: n = 1012 data points.
e Estimated operations: T(n) ~ (1012)°.1og(101?) = 10%°.10g(10%?) ~ 4 x 10°!
¢ Conclusion, infeasible under any realistic computational infrastructure.

These numerical estimates reinforce the practical implications of our theoretical bounds.
Even under highly optimistic assumptions about processor speed and system efficiency,
genomic workloads of this scale remain computationally unmanageable. The results
validate our corollary that fundamental architectural redesign not incremental
improvement is required to support future biological computation.

3. Bio Al Implications

The assumption of dense data distributions, where each input dimension contributes
nontrivial gradient information, is the foundation for training efficiency in traditional deep
learning? Gradient based optimizers are predicated on the idea that VOL(8; xi, yi) yields a
signal-dominated update for a dataset D = {(x; y;)}"i=1cC R% x R.

However, in biological domains, especially genomics, the feature entropy and signal sparsity
decay according to a power-law P(fy) «x k™% «> 1, where only O(d€) feature contribute to
learning (e«1). This leads to an effective gradient magnitude scaling of VL=0O(d#), p >
0, where variance dominates the signal, defying the convergence assumptions of SGD and
its variants (e.g., under the robbins monro conditions). Convergence time scales empirically
superlinearly, requiring up to O(n2d) steps under sparse, structured noise, rather than as O

(nlog(1/€))?

Tensorized computation with SIMD/GPU acceleration is the architectural foundation of
contemporary Al systems? The erratic access patterns of genomic data reduce effective
parallelism by causing pointer-chasing operations that are incompatible with coalesced
memory access? Formally, SIMD throughput decreases as GPU warp divergence rises with
input entropy H(X), where average utilization U decays as U = ©(1/H(X)) [18]. Memory-
bound models face a working set W(n)=Q (n log n), exceeding L3 and dram cache capacities;
empirical cache miss rates p—1 suggest that latency per step becomes @ (Tdram*Taisk)?

Moreover, a compounded complexity profile causes computational cost increase

dramatically. For a genome-scale foundation model, a conservative estimate of the total
2

training runtime T (n, d) is: T(n, d) = On®logn + Lz U.

Where n is the number of samples, d~106-10° and p~0.95. For the same sample size, this
results in computational demands that are 10-100 higher than those of traditional language
models? The cost of convergence in bio-Al is thus placed within a class of problems better
modeled as quasi-intractable under standard architectures due to the combined effect of
memory latency, hardware inefficiency and degraded gradient quality [19]. This suggests the
need for new memory and compute primitives specifically made for sparse, heterogeneous
biological data?
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4. Mathematical Correlation: Software, Compute and Clinical ROI

We developed a mathematical model to quantify how improvements in software efficiency
and computational utilization affect the Return on Investment (ROI) in clinical genomics and
multi omics analysis.

4.1. Model definition

The clinical ROI is defined as the ratio of Clinical Insight (CI) to Total Cost (TC), clinical
ROI=—.

TC
Where:

CI: Clinical Insight, number of actionable findings.
TC: Total Cost, includes software, compute and personnel expenses.

4.2. Clinical Insight (CI)

Defined as, CI=k.SE.CU.IQ. Where,

k: Scaling factor (e.g., 100 actionable variants)

SE: Software Efficiency (optimal / actual runtime)

CU: Computational Utilization (effective / peak resources)
IQ: Insight Quality (reproducibility and clinical value)

4.3. Total Cost (TC)

Defined as, TC=psSE+p..CU+p,. Where,
pS: Cost per unit software efficiency

pC: Cost per unit compute utilization
pP: Fixed personnel cost

5. Component Models

5.1. Software Efficiency (SE)

_Optimal Runtime _ O(n) _ 1

Actual Runtime o(n%) K

Typical values:
Current tools: SE ~ 0.001
Advanced tools: SE = 0.01

5.2. Computational Utilization (CU)

__Effective FLOPS + Effective Bandwidth
Peak FLOPS + Peak Bandwidth

Cu

Peak FLOPS + Peak Bandwidth
GPU workloads: CU = 0.1
CPU workloads: CU =~ 0.2
Specialized hardware: CU ~ 0.7

Int ] Bioinfor Intell Comput, Vol 5, Issue 1, February 2026 10
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5.3. Insight Quality (IQ)

1Q= Kig =24 \here kio~ 0.7

Computational complexity n2

Total cost approximation, for large n: TC = a.n*, Where a is a constant capturing software,
compute and personnel costs (Figure 6).

5.4. Full ROI model
Substituting into the ROI equation:
1 Kig
. k.SE.CU.IQ k.53.CU.—% K.K,,.CU
Clinical ROI = = =
TC a.n* a.n®

Thus, for fixed n: Clinical ROl oc CU, and Clinical ROI eonl—g

Clinical Return on Investment (ROI) vs. Input Size

Bregk-even: T.0e¥03

b o o @) o o o e e e
Brepk-even: 1.0e+03
-3
10

Clinical ROI

10’ 10* 10° - 181):Ze o 10 10° 10°
Figure 6: Clinical ROI vs software efficiency and compute utilization. Even modest gains in SE and
CU dramatically increase ROL. A 625% improvement is possible through better optimization and
hardware alignment.

The ability to extract phlegm voluntarily through tongue action is unprecedented. Normally,
mucociliary clearance and voluntary coughing remove nasopharyngeal secretions. The
subject reports she can gather and extract mucus from deep in the throat using targeted
lingual pressure. This indicates high neuromuscular coordination and suggests significant
afferent feedback from posterior tongue receptors. In addition to this the subject describes the
balloon-like tissue expanding under light pressure, possibly due to airflow manipulation
through the eustachian tubes or pharyngeal muscles. This tissue may also partially obstruct
or change shape in response to tongue-induced air pressure changes [16-20].

6. Numerical Example: Cancer Genomics

6.1. Current pipeline

n= 106, k= 100, kIQ =0.7
SE=0.001,CU=0.1,1Q=0.2
TC = $50,000

Int ] Bioinfor Intell Comput, Vol 5, Issue 1, February 2026 11
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CI =100.0.001.0.1.0.2=10.2

. . _ . _ _6
Clinical ROI = 50,000 4x10

6.2. Optimized pipeline
SE=0.01,CU=05,1Q=0.5
TC = $10,000
CI =100.0.01.0.5.0.5 =25

. . _ _ _3

Clinical ROI = 10,000 2.5x10

Improvement: 625x ROI increase.
6.3. Break even analysis

To meet a healthcare viability threshold (e.g., ROI > 0.01), the model requires:
TC
SE.CU.IQ = 0.01.7

0.01-50,000

Using TC = 50,000, k =100, IQ =0.2: SF.CU > 00 02 = 25
Current value: 0.001 - 0.1 = 0.0001, far below threshold. Even with SE = 0.01, CU = 0.5: 0.005,
still below but significantly closer.

7. Results

In genome scale workloads, the computational impact of the genomic compute trifecta
manifests as persistent performance constraints that degrade throughput and scalability.

Under the computational thread path model, we formally characterize runtime as: T(n) «
23
ns.

For pipelines dominated by sparsity and irregular access, where €>0 under realistic
assumptions of cache-miss behavior and memory access entropy.

Non-sequential memory traversal across graph-based data structures drives cache miss rates
asymptotically toward 1. Power-law distributions in node connectivity lead to large variance
in per-node processing time, introducing system load imbalance. Synchronization overhead
and warp divergence in deep memory hierarchies further reduce achievable throughput.
Empirically, hardware utilization remains constrained to 10-15% of peak performance, as
predicted by pipeline stall models and architectural bottlenecks [4-6].

We estimate that the total number of operations across dynamic graphs, backtracking
alignments and multi modal integrations scales as: T(n) € O (10%) for n~ 3 x 10°.

This estimate applies to a single human genome under NP-hard or EXPSPACE-complete task

formulations, making current computational infrastructures inadequate for population- scale
or real-time genomic interpretation.

Int ] Bioinfor Intell Comput, Vol 5, Issue 1, February 2026 12
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7.1. Cross domain implications
The Trifecta’s structural constraints generalize across multiple domains:

7.1.1. Liquid biopsy: Sparsity amplifies algorithmic uncertainty. Low variant density in cell
free DNA increases the cost of error correction and false positive suppression, compounding
the computational burden.

7.1.2. Cancer stratification: Mutation frequency follows a power-law, leading to
disproportionate computation on rare events that yield marginal clinical insight. This skews
pipeline efficiency and inflates runtime.

7.1.3. Single cell lineage tracing: Dynamic graph topology requires recomputation of
entire state graphs with each lineage transition, resulting in exponential growth in execution
cost and memory requirements [21].

7.2. Clinical ROI saturation

We further hypothesize that clinical Return on Investment (ROI) is asymptotically bounded:

1
ROI « - -
log(Computational complexity)

This relationship suggests that increasing system complexity yields diminishing marginal
insight. High-throughput genomics thus exhibits asymptotic saturation, where additional
compute does not translate proportionally into clinical value.

These findings reinforce the conclusion that the genomic compute trifecta describes structural
inefficiencies, rooted in a misalignment between biological data structure and traditional
hardware architecture. Without architectural realignment, current scaling strategies will
continue to yield suboptimal results across clinical genomics, biomedical Al and multi-omics
diagnostics [22].

8. Discussion

The computational demands of genomic analysis are fundamentally misaligned with the
assumptions of traditional architectures. This disconnect formalized in the genomic compute
trifecta explains the persistent inefficiencies observed across pipelines. Unlike tensor-based
Al workloads, genomic computations rely on sparse graph processing, leading to hardware
utilization below 10% and cache miss rates exceeding 95%. When combined with empirically
observed sublinear scaling: T(n) « n?3*%1 Computational costs rise 10-100x faster than data
volume. Our theoretical results (Theorems 1-5) reinforce this mismatch:

e Runtime scaling: T (n) € Q(n°log n).

e Parallelization bound: speedup limited to < 1.67.

e State space: Q(n®m logmn) growth in multi-sample analyses.

.. 1
e C(Clinical ROLCV (n) Tog ()"

This explains the declining efficiency of population-scale genomics and the frequent failure to
produce translational insights in workflows such as liquid biopsy and cancer stratification
where sparse signals and dynamic topologies dominate.

Int ] Bioinfor Intell Comput, Vol 5, Issue 1, February 2026 13
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8.1. Software efficiency as the dominant lever

According to our ROI model, Software Efficiency (SE) is the most critical variable. While
improvements in Computational Utilization (CU) or hardware performance yield linear or
sublinear returns, a tenfold increase in SE (e.g., from 0.001 to 0.01) can produce ROI
improvements of over 625 outpacing gains from CU by orders of magnitude. This is due to SE
ability to reduce algorithmic complexity and enhance insight quality simultaneously:

Clinical ROI = ©SECU1Q o o

Current genomic tools fall far below the break-even threshold: SE - CU « 25. Highlighting the
insufficiency of incremental HPC improvements. Without significant architectural
realignment, computational inefficiencies will continue to delay discoveries in precision
medicine and drug development estimated at over $1 trillion annually in lost impact.

8.2. Toward structural realignment

The results suggest that the solution is not merely faster processors or broader parallelism,
but a rethinking of how genomic data is represented, accessed and computed. Because the
underlying structures are sparse, graph-based and dynamically evolving, new computational
frameworks must:

e Prioritize irregular memory access and graph-native operations.

e Align software logic with data sparsity and power-law distributions.

¢ Emphasize interpretability alongside throughput.

This shift will require hardware-software co-design efforts that fundamentally depart from
the assumptions of dense matrix computing. In short, the future of genomic computation will
not be solved by scaling existing models but by designing new ones that speak the language
of biology.

9. Conclusion

The scalability of genomic and multi-omics computation is subject to formal, structural
constraints imposed by the genomic compute trifecta. Through thorough analysis, we
demonstrate how algorithmic branching, high cache miss rates and super polynomial
complexity are caused by sparsity, power law distributions and dynamic graph topologies,
all of which compromise parallel speedup. These characteristics lead to execution paths that
are incompatible with memory hierarchical systems and tensor optimized hardware. Our
theoretical framework shows that clinical interpretability decreases logarithmically with
computational complexity as omics pipelines become more dimensional and heterogeneous.
Even with idealized parallelism, the return on computational investment decreases. This
implies that performance inefficiencies stem from the topological and statistical characteristics
of biological data rather than being implementation specific. A paradigm change is necessary
to get past these inherent bottlenecks moving away from optimizing currently available tools
and toward creating architectures and algorithms that are structurally in line with the
characteristics of genomics, such as being graph native, irregular-memory aware and
biologically contextualized. To fully realize the promise of precision medicine and next
generation therapeutic discovery, such systems are necessary.
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