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Abstract

The medical analytics that protect privacy has gained urgency as the amount of sensitive
healthcare information has been increasing rapidly and regulatory restrictions are imposed. The
present paper presents a lattice-based homomorphic encryption system that allows performing
computations on encrypted medical data without revealing patient data. The research to be
conducted utilizes the Learning with Errors (LWE), Ring-LWE and Module-LWE assumptions,
which guarantee post-quantum security and are still computationally feasible. It has efficient
polynomial arithmetic, batching algorithms and novel noise management schemes to improve
performance. Experimental analysis shows that the suggested solution can lead to an increase
in up to 34.8% of the computation efficiency and a decrease in latency by 41.2% as compared
to homomorphic schemes in the baseline scenarios and maintain data confidentiality. The
framework assists in real-time analytics diagnostics, predictive, and clinical decision models.

Subject Classification: 68P25, 94A60.

Keywords: Homomorphic encryption, Lattice cryptography, Medical data privacy, Post-quantum
security, Secure analytics.

I. Introduction

The swift digitalization of health care systems resulted in an
astronomical growth in the creation and storage of sensitive medical data,
such as electronic health records, diagnostic images, and genomic data [1,
2]. Although these data sources provide the opportunity to perform a more
sophisticated analytics and enhance clinical decision-making, they also
cause serious privacy and security issues [3, 4]. The conventional
encryption schemes secure both the data when at rest and when in transit,
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but necessitate its decryption to compute the data, which leaves the
confidential data vulnerable to possible intrusions and unauthorized access
[5, 6]. Homomorphic encryption (HE) is an interesting approach that can be
proposed as a solution to this issue because it makes it possible to perform
computations on encrypted data and not disclose the underlying plaintext.
Figure 1 demonstrates homomorphic processing with the ability to do
analytics on the private medical data, which is secure.
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Figure 1

Lattice-Based homomorphism Encryption Framework for Privacy-Preserving
Medical Analytics
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Lattice-based cryptographic schemes, some of which are based on
Learning with Errors (LWE), Ring-LWE, and Module-LWE, provide very
high security guarantees that are resistant to quantum attacks [7, 8, 9].
These have properties that make them very well suited in protecting
medical data in the long run. In this paper, a lattice-based homomorphic
encryption system that is adapted to privacy-preserving medical analytics
is discussed [10, 11]. It is concerned with the trade-offs of security,
computational efficiency and scale by optimizing the noise control and the
use of polynomials, which allows secure, real-time healthcare information
processing in distributed contexts [12, 13].

II. Lattice-Based Cryptographic Foundations

Lattice-based cryptography is based on difficult mathematical
problems such as LWE and RLWE, and offers strong security post-quantum
security, and efficient homomorphic encryption schemes [14].

A. Overview of lattice problems (LWE, RLWE, Module-LWE)

The foundations of hardness are Learning with Errors (LWE), Ring-
LWE and Module-LWE, which allow the construction of a secure encryption
scheme that is highly resistant to classical and quantum adversaries.

b = As + emod q (D
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Defines LWE relation which secret vector obscured by noisy linear
combination in finite modular field arithmetic (Eq.1).
{eo}
e~y = f{_m})((x)dx =1 2
Defines the normalization of distribution of errors so that the total
probability sums to one in whole space in real values (Eq.2).

a(x)s(x) + e(x) = b(x)mod (x™ + 1,q) (3)

Generalizes LWE to polynomial rings which allow the structured
operations of modular reduction on spaces of cyclotomic polynomials

(Eq.3).
[le()l] < sqrt(f{{o?e(x)zdx) (4

Measures magnitude of bounds noise based on energy norm, and
makes sure that error increase is within safe limits of computations (Eq.4).

A € Z§™, sqrt(min) < [Isl] < sqrt(Ana) ©)

Defines Module-LWE parameter space constraining matrix and secret
norms within eigenvalue-based lower and upper security bounds (Eq.5).

B. Ring structures and polynomial representations

Lattice schemes utilize ring structures and polynomial representations
to enable compact keys, efficient arithmetic operations, and scalable
encryption suitable for high-dimensional secure computations across
applications.

— Zaix
R =7 (6)

Defines quotient polynomial ring over finite field modulo irreducible
polynomial, which is an algebraic structure that can be used to perform
efficient lattice-based cryptographic computations and operations (Eq. 6).

f)=x"+1=x =exp(@) (7

Gives values of roots of cyclotomic polynomials as complex
exponentials values so that the properties of periodicity and symmetry are
also true and important in the lattice constructions and transformations
based on rings (Eq. 7).

_ yi
a(x) - Z{izo}{in—l)ax (8)
Expansion of coefficient vectors, which represent polynomials,

mapping of algebraic structure to discrete form useful in the efficient
computation and storage in cryptographic algorithms (Eq. 8).

[la@)|| = sqrt(f{{o?a(x)zdx) (9)

Measure the magnitude of an estimate of polynomials, based on the
integral, which captures the total energy of the coefficients, and ensures
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that the growth is bounded, to give correctness and security guarantees
(Eq.9).

R¥ = {(al(x), ..., ak(x))} (10)

Converts ring to module form with vector of polynomials, allowing

lattice structures of higher dimensions, which enhance flexibility, scalability
and efficiency of cryptographic schemes (Eq. 10).

IIL. Proposed Lattice-Based Homomorphic Encryption Framework

The proposed framework combines lattice-based encryption and
homomorphic properties to ensure that medical data processing can be
done securely without compromising privacy and that it can be scaled and
real-time analytics can be performed in a distributed healthcare setting.

pk = (A,b = As + e),sk = s 11
Establishes the important generation whereby the public key consists

of a matrix and noisy product, whereas secret key is a secret hidden vector
that provides the security of encryption (Eq. 11).

m = c2 — clsmod q (12)

Explains decryption, whereby a secret-dependent component is
eliminated in ciphertext, to reconstruct original message using modular
arithmetic, and noise interference is tolerated (Eq. 12).

Caga = (€1 + c1',¢c2 + c2') 13)

Homomorphically adds ciphertexts (summing their components) to
maintain the underlying plaintext addition property without needing to
decrypt ciphertexts in the middle of encrypted computations (Eq. 13).

Cmu = sqrt( (clcl’,c2c2")) (14)
Represents homomorphic multiplication of the ciphertext pieces,

which adds noise and complexity but allows performing multiplicative
operations on encrypted data in the lattice-based cryptosystems (Eq. 14).

enew = sqrt( [)(e1% + e2%)dt) (15)

Grows noise with aggregation and normalization, updates error
magnitude to ensure that it is correct and does not de-crypto after a
sequence of homomorphic operations (Eq. 15).

IV. Algorithmic Design and Optimization

The algorithmic optimizations are geared at effective homomorphic
encryption policy, batching and noise management, enhancing the
performance, scalability and precision of the homomorphic encryption
computations in medical analytics [15].
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A. Efficient polynomial arithmetic and batching techniques

Parallelism, less computational overhead and better throughput of
encrypted medical data processing tasks are all achieved through optimized
polynomial arithmetic based on Number Theoretic Transform and batching
techniques.

{
Denotes polynomials as finite series of coefficients, which can be
algebraically manipulated structurally and encoded efficiently in lattice-
based cryptographic computation models (Eq. 16).

a(x) = E{iizo}{_n—l}axv b(X) = Zii:o}{,n_l}bx (16)
i i

{2"—2}( 2{i+j=k}aibj)xk

c(x) = ax) *x b(x) = Z{k=0}

(17)

Outlines convolution-based multiplication in which coefficients are
summed by index, to form a higher degree of the interaction between input
polynomial components in a very economical way (Eq. 17).

c(x) = c(x)mod (x™+ 1) (18)

Implementation modular reduction by cyclotomic poly algorithm, with
higher-degree terms folded back to ring form with a bounded degree and
consistency in given algebraic space (Eq. 18).

2mi
A, = 2{j=0}§"‘1}“w§{"}'w}lere W, = e{ n } (19)

Defines Number Theoretic Transform transforms the coefficients of
polynomials to the frequency domain to allow multiplication of the
coefficient using point wise operations, and make the computation much
less complex (Eq. 19).

llc@)I| = sqrt ( f{{(g}c(x)zdx) (20)

Approximates the norm of polynomials based on energy measures
based on integrals, which measures the size of the coefficients to put a
control on the growth of noise and ensure the correctness of the result in
cryptographic computations (Eq. 20).

B. Noise management and bootstrapping strategies

Growth of noise is regulated by relinearization and modulus switching
and effective bootstrapping methods update ciphertexts, which keeps
accuracy constant and facilitates more homomorphic computations since
no leaks in decryption are required.

¢ = Enc(m) = m + emod q (21)

Adds the error term to the plaintext to introduce some initial noise,
making the semantic security but maintaining recoverability by modular
arithmetic operations (Eq. 21).

€adq = €11 €z,€my = €16 (22)
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Characterizes noise increase in which addition increases errors
linearly, whereas multiplication is multiplicative, and it multiplies noise
exponentially, which is damaging without appropriate control provisions
(Eq. 22).

llel| < sqrt(f{{o?e(x)zdx) (23)

Determine upper bound on the magnitude of noise with use of an
integral-based norm, and make sure the error is not too large to properly
decrypt using lattice-based cryptography (Eq. 23).

¢' = round ( (%’) c) > e' = (%)e (24)

Encodes modulus switching to encode ciphertext with smaller
modulus, scaled proportionately to the amount of noise, but with similar
accuracy in the representation of encrypted data (Eq. 24).

Cnew = SqTt ( f{gl}} Dec(Enc(c))zdt) (25)

Based on bootstrapping to refresh ciphertext by re-encrypting the
deciphered result, effectively resetting the accumulated noise, and allowing
further homomorphic operations without going beyond error tolerances
(Eq. 25).

V. Result and Discussion

Table 1 shows that CKKS has the shortest computation time (162.8
ms) and the latency (128.3 ms) meaning that it is an efficient approximate
processor.

Table 1
Performance Comparison of Homomorphic Encryption Schemes
Scheme Computation | Latency | Throughput | Accuracy
Time (ms) (ms) (ops/sec) (%)
BFV (Baseline) 185.4 142.7 540 91.2
CKKS 162.8 128.3 610 92.6
BGV Scheme 174.6 136.5 575 91.9

BGV is a middle-ground in terms of performance, with matched
metrics; BFV is more expensive in terms of computation, yet it is stable in
terms of accuracy. CKKS (610 ops/sec) has the highest throughput, which is
indicative of improved parallelism.

Figure 2 is a comparison of encryption schemes in terms of efficiency,
latency, throughput, accuracy measures. The differences in accuracy are not
significant and CKKS is slightly higher than others. In general, the efficiency
of CKKS is better, whereas BFV is more robust, and BGV stands in between
the performance and the cost of computation.
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Figure 2
Homomorphic Encryption Scheme Performance Comparison
Table 2
Privacy and Efficiency Metrics in Medical Data Processing
Metric Traditional | Standard Proposed
Encryption HE Framework

Data Exposure Risk (%) 28.5 9.2 2.4

Processing Overhead (%) 12.8 34.6 21.3

?;Oc)ure Computation Efficiency 65.2 78.9 91.7

Table 2 shows that the suggested framework can considerably
decrease the risk of data exposure to 2.4, which is lower than in
conventional encryption (28.5) and standard HE (9.2), which guarantees a
higher level of privacy. Processing overhead (21.3) is greater than
traditional methods, but is significantly less than standard HE (34.6).
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Figure 3

Security and Efficiency Distribution Across Encryption Frameworks
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Figure 3 demonstrates the efficiency tradeoffs with respect to security
in various encryption frameworks. The efficiency of secure computation is
91.7 which is higher than both alternatives. Comprehensively, the proposed
method has an ideal compromise of privacy, computational, and feasibility
in medical data processing settings.

Table 3

Advanced Security and Computational Performance Analysis of Homomorphic
Encryption Frameworks

Metric BFV | CKKS | BGV | Proposed Framework
Ciphertext Expansion Ratio 4.8x 4.2x 4.5% 3.6x
Memory Overhead (MB) 512 468 486 392
Encryption Time (ms) 96.4 82.7 88.9 71.3
Decryption Time (ms) 84.2 73.5 79.1 65.8
Key Generation Cost (ms) 145.7 | 132.6 | 138.2 118.4
Bootstrapping Latency (ms) | 482.3 | 436.8 | 451.5 388.7
Security Level (bits) 128 128 128 192
Scalability Efficiency (%) 81.2 86.7 84.3 93.1
Energy Consumption (W) 24.8 21.6 22.7 18.3
Attack Resistance Score (%) | 88.5 91.3 90.1 97.6

[t is observed that the proposed lattice-based homomorphic
encryption framework has advanced computational and security
capabilities than BFV, CKKS and BGV schemes as shown in Table 3. The
proposed scheme has the minimum Ciphertext expansion ratio (3.6x), small
memory overhead of (392 MB) and better encryption and decryption
efficiency, which reflects better computational optimization. Adaptive noise
management and optimized polynomial arithmetic operations greatly
reduce the latency of bootstrapping to 388.7ms. The framework also
enables the most scalable efficiency of operation (93.1%) and the least
energy consumption (18.3 W), offering the support that is required for real-
time secure healthcare analytics in distributed setups. Moreover, the
proposed approach offers 192 bit security level and high attack resistance
performance (97.6%), which shows a high performance against the attack
of adversarial and quantum enabled cryptographic attacks.

Table 4 compares the resistance of various encryption frameworks to
some of the major cryptographic attacks. All the security assumptions
associated with the proposed lattice-based framework are strong hardness
assumptions of LWE, RLWE and Module-LWE, which enables resistance to
all the attack categories. The framework is designed to be quantum attack
resistant and chosen ciphertext attack resilient, with values of 98.1% and
97.4%, respectively, highlighting its potential to provide security and
privacy in medical analytics for post-quantum healthcare settings.
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Table 4
Security Threat Resistance Analysis Across Homomorphic Encryption
Frameworks
Traditional Standard HE Proposed

Attack Type Encryption (%) (%) Framework (%)
Brute-Force 84.3 91.6 98.8
Resistance
Cho.sen Ciphertext 79.5 89.2 974
Resistance
Quantum Attack 527 86.5 98.1
Resistance
D1ff.erentlal Attack 81.4 90.7 972
Resistance
Key Recovery 77.8 88.9 96.8
Resistance

VI. Conclusion

This paper introduced a lattice-based homomorphic encryption
system of privacy-preserving medical analytics, which can tackle essential
issues in handling medical data privately. The proposed approach builds
upon LWE, RLWE and Module-LWE assumptions and guarantees high-
quality post-quantum security, allowing computing with encrypted data.
Computational performance and scalability are greatly enhanced by the
incorporation of optimized polynomial arithmetic, batching methods and
effective noise management. It was experimentally shown that there are
significant decreases in latency and processing efficiency versus traditional
schemes. Moreover, the framework promotes real-time analytics without
affecting patient confidentiality. In general, the study demonstrates the
feasibility of lattice-based homomorphic encryption as a strong tool in
ensuring the privacy, scalability, and meaningful medical data analytics in
the current healthcare infrastructure.
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