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Abstract. Gradient-based optimization conventionally relies on closed-form analytical
derivatives, which are unavailable for many modern or non-differentiable model architectures.
This paper proposes forward finite difference (FFD) gradient estimation as a derivative-free
training alternative and validates it rigorously on logistic regression — a model whose known
analytical gradient enables direct verification of the numerical approximation. A formal O(h)
error bound is proved and confirmed empirically, showing that gradient direction is faithfully
preserved across a wide range of step sizes. The framework is applied to binary genomic
classification of SARS-CoV-2 versus non-SARS-CoV-2 coronaviruses using normalized 4-
mer frequency profiles. The FFD optimizer achieves classification performance statistically
equivalent to analytical gradient descent (F1 ≥ 0.999), while an ablation study demonstrates
that nucleotide composition — not sequence length — drives discrimination. External
validation on unseen coronavirus lineages reveals strong generalization except for MERS-CoV,
whose phylogenetic proximity to SARS-CoV-2 produces overlapping k-mer signatures. These
results establish FFD logistic regression as a principled derivative-free baseline and motivate
its extension to architectures where analytical gradients are intractable.

Keywords: Finite Difference Method; Derivative-Free Optimization; Logistic Regression;
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1. Introduction

The COVID-19 pandemic, caused by SARS-CoV-2, repre-
sents one of the most significant global health crises of the
twenty-first century. The virus continues to evolve through
mutation, complicating both diagnosis and epidemiological
control [1, 2]. Standard diagnostic approaches such as RT-
PCR remain subject to limitations in sensitivity, turnaround
time, and infrastructure requirements, motivating data-driven
alternatives [3, 4]. Genomic sequence data, which encode
the biological fingerprint of a virus directly, have attracted
growing interest as a basis for automated classification [5, 6].

Machine learning methods have been widely applied to
COVID-19 detection using clinical data [7–9] and to genomic
or protein sequence data [5, 6, 10]. Among these, logistic
regression is valued for its mathematical transparency, com-
putational efficiency, and interpretability [11, 12]. Most im-
plementations rely on the closed-form analytical gradient of
the binary cross-entropy loss to perform gradient descent
parameter updates.

However, the availability of analytical gradients cannot
be taken for granted in general settings. Deep neural net-
works with non-smooth activation functions, models defined
implicitly through simulation, or architectures incorporating
discrete or non-differentiable components all present scenarios
in which deriving closed-form gradients is intractable. In such
cases, derivative-free gradient estimation provides an essential
model-agnostic fallback requiring only function evaluations.

The forward finite difference (FFD) approximation is one
of the oldest and most accessible numerical differentiation
techniques [13, 14]. It estimates a partial derivative by eval-
uating the objective function at two points separated by a

small perturbation h, eliminating any symbolic computation.
While central finite differences achieve O(h2) accuracy, the
FFD scheme achieves O(h) accuracy with only one additional
function evaluation per parameter, making it computationally
attractive for proof-of-concept studies.

This paper establishes a rigorous FFD-based optimization
framework for logistic regression and validates it on a binary
genomic classification task. Logistic regression is chosen de-
liberately because its analytical gradient is known, providing
ground truth against which the numerical approximation can
be measured. Verification on this tractable model is a prereq-
uisite step before extending the framework to architectures
where no ground truth exists, such as multi-layer perceptrons
or deep convolutional networks — our primary motivation for
future work [15, 16].

The main contributions are:
1. A formal O(h) error bound for the FFD gradient estima-

tor applied to the logistic regression loss (Proposition 1),
with direct empirical validation across seven step sizes.

2. An algorithm that performs stable, convergent parameter
optimization using only loss function evaluations.

3. Empirical validation on a real-world genomic dataset
across ten independent random splits, showing statistical
equivalence with analytical gradient descent.

4. An ablation study over six feature-set configurations and
a group-based external validation revealing the general-
ization limits of 4-mer profiles.

The remainder of this paper is organized as follows. Sec-
tion 2 reviews related work on genomic sequence classification,
k-mer representations, and finite difference optimization. Sec-
tion 3 describes the dataset, preprocessing pipeline, logistic
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regression model, and the proposed FFD optimization algo-
rithm. Section 4 presents the experimental results, including
gradient approximation diagnostics, model performance, ab-
lation analysis, and external validation. Section 5 discusses
the empirical findings, limitations, and implications for more
complex model architectures. Finally, Section 6 concludes the
paper and outlines future research directions.

2. Related Work

This section reviews prior work most relevant to the proposed
framework, including machine learning for genomic classifica-
tion, k-mer representations, and finite difference optimization.

2.1. Machine Learning for Genomic Sequence Classi-
fication

Several studies have applied machine learning to classify or
analyse coronaviral genomic and protein sequences. Aminah
et al. [6] combined PCA, particle swarm optimization, and
SVM to classify SARS-CoV-2 and non-SARS-CoV-2 protein
sequences, achieving competitive accuracy with traditional
supervised methods. Singh et al. [17] applied multiple ma-
chine learning classifiers directly to SARS-CoV-2 genomic
feature vectors, showing that sequence-derived features are
discriminative even for shallow models. Rudar et al. [5] char-
acterized statistically over-represented k-mer patterns within
SARS-CoV-2 genomes relative to other respiratory viruses,
providing evidence for genus-specific nucleotide composition
biases. Sokhansanj and Rosen [10] used spike protein se-
quence features to predict COVID-19 severity, demonstrating
that sub-sequence genomic representations carry phenotyp-
ically relevant information. None of these works employed
derivative-free gradient estimation; all relied on analytical-
gradient-based or kernel-based training methods.

2.2. k-mer Frequency Representations

The k-mer frequency approach decomposes a genomic se-
quence into all substrings of length k and records their occur-
rence. This representation is widely adopted in bioinformatics
because it captures local sequence patterns without requiring
alignment and scales naturally to varying-length sequences
[18]. For a four-nucleotide alphabet {A, T, C, G}, a k-mer
profile contains 4k features.

2.3. Finite Difference Methods in Optimization

Finite difference approximations form the basis of classical nu-
merical differentiation [13]. Derivative-free optimization meth-
ods are broadly applicable when gradients are unavailable,
unreliable, or computationally prohibitive [14]. The family
of such methods includes direct-search algorithms (Nelder–
Mead, pattern search), evolutionary strategies (CMA-ES),
and stochastic perturbation approaches (SPSA) [14], all of
which forgo gradient information entirely. Finite differences
occupy a middle ground: they estimate gradients numerically,
retaining gradient-descent convergence while requiring only
function evaluations. In deep learning, finite differences are
used primarily as a gradient-checking tool to verify backprop-
agation implementations [16], not as a training optimizer.

The key novelty of the present work is deploying FFD as the
primary optimizer, treating gradient estimation as a first-class
training component rather than a diagnostic.

3. Methods

This section describes the dataset, preprocessing steps, logistic
regression formulation, and the proposed FFD-based optimiza-
tion procedure. An overview of the end-to-end pipeline is
given in Figure 1.

3.1. Dataset

Genomic sequences were obtained from the NCBI Virus repos-
itory1. Initially, the SARS-CoV-2 group comprised five
variants (Alpha, Beta, Delta, Gamma, Omicron), up to 400
sequences each (2,000 total). The non-SARS-CoV-2 group
initially comprised HCoV-NL63 (1,004 seqs), MERS-CoV (700
seqs), and HCoV-HKU1 (537 seqs). After exact-duplicate re-
moval, 3,617 unique sequences remained: 1,980 SARS-CoV-2
(54.7%) and 1,637 non-SARS-CoV-2 (45.3%) — see Table 1
and Figure 2. SARS-CoV-2 variants are near-full-length
genomes (∼29,000 bp), while HCoV-NL63 and HCoV-HKU1
include many short partial amplicons (Figure 3), a length
disparity that motivates normalized features (Subsection 3.2).

Table 1: Dataset composition (post-deduplication). Phylogenetic
genus according to ICTV classification.

Class Virus / Variant Seqs Genus

SARS-CoV-2

Alpha ∼396

Beta-CoV
Beta ∼396
Delta ∼396
Gamma ∼396
Omicron ∼396
Subtotal 1,980

non-SARS-CoV-2
HCoV-NL63 ∼600 Alpha-CoV
MERS-CoV 700 Beta-CoV
HCoV-HKU1 ∼337 Beta-CoV
Subtotal 1,637

Total 3,617

3.2. Preprocessing

3.2.1. Duplicate Removal

Exact duplicates were identified with Biopython, removing
624 sequences (20 SARS-CoV-2, 604 non-SARS-CoV-2) from
an initial 4,241.

3.2.2. k-mer Feature Extraction

Raw counts were converted to normalized k-mer frequencies:

fj(s) = ϕj(s)∑4k

l=1 ϕl(s)
, j = 1, . . . , 4k, (1)

where ϕj(s) is the raw count of k-mer vj in sequence s. GC-
content was appended as one scalar feature, giving 4k + 1
features. Pilot experiments over k ∈ {2, 3, 4, 5} selected k =

1https://www.ncbi.nlm.nih.gov/labs/virus/vssi
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Figure 1: End-to-end experimental pipeline. Blue: data acquisition and deduplication. Orange: feature engineering (257-dimensional
normalized 4-mer + GC-content vector). Green: FFD-based logistic regression training and inference.
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Figure 2: Class distribution after deduplication.
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Figure 3: Sequence length per virus type (log scale). SARS-CoV-
2 variants cluster at ∼29,000 bp; HCoV-NL63 and HCoV-HKU1
span several orders of magnitude.

4 (257 features): k = 3 (65 features) under-discriminated
among close lineages, while k = 5 (1,025 features) showed
no improvement over k = 4 at five times the feature count,
consistent with the saturation behavior reported by Moeckel
et al. [18].

3.2.3. Train–Validation–Test Split

Stratified sampling yielded an 80/20 overall train/test split,
with the training-plus-validation portion further split 80/20,
giving 2,314 / 579 / 724 samples. StandardScaler was fitted
exclusively on the training set and applied without refitting
to validation and test sets.

3.3. Logistic Regression Model

For binary classification, the logistic regression model is:

ŷi = σ(w⊤xi + b) = 1
1 + e−(w⊤xi+b) , (2)

with binary cross-entropy (log-loss):

J(w, b) = − 1
m

m∑
i=1

[
yi log ŷi + (1− yi) log(1− ŷi)

]
. (3)

The analytical gradient (used as ground truth for validation,
and as the baseline optimizer referred to as analytical LR or
AN LR throughout) is:

∂J

∂wj
= 1

m

m∑
i=1

(ŷi − yi)xij ,
∂J

∂b
= 1

m

m∑
i=1

(ŷi − yi). (4)

3.4. Forward Finite Difference Gradient Estimation

3.4.1. Mathematical Formulation

The FFD approximation of the partial derivative with respect
to a scalar parameter θ (all others fixed) is:

∂J

∂θ
≈ J(θ + h)− J(θ)

h
, (5)

where h > 0 is a small perturbation step.

3.4.2. Approximation Error Analysis

Proposition 1: Approximation error of FFD

Let g : R→ R be the restriction of the loss J to a single
parameter coordinate θ, with all other parameters held
fixed. Suppose g is twice continuously differentiable on
[θ, θ + h] for h > 0. Then∣∣∣∣g′(θ)− g(θ + h)− g(θ)

h

∣∣∣∣ ≤ h

2 sup
ξ∈[θ,θ+h]

|g′′(ξ)| = O(h).

(6)

Figure 4 gives the geometric interpretation: the secant slope
over [θ, θ + h] approximates the tangent slope g′(θ) with error
O(h).

Proof
By Taylor’s theorem with Lagrange remainder, for some
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Figure 4: Geometric interpretation of FFD. The secant slope
(orange dashed) approximates the tangent slope J ′(θ) (green) with
error h

2 |J
′′(ξ)| = O(h).

ξ ∈ (θ, θ + h):

g(θ + h) = g(θ) + hg′(θ) + h2

2 g′′(ξ).

Rearranging gives g(θ + h)− g(θ)
h

= g′(θ) + h

2 g′′(ξ).
Therefore∣∣∣∣g′(θ)− g(θ + h)− g(θ)

h

∣∣∣∣ = h
2 |g

′′(ξ)| ≤ h
2 sup

ξ∈[θ,θ+h]
|g′′(ξ)|,

which is O(h) since g′′ is continuous and hence bounded
on the compact interval [θ, θ + h].

Remark 1

A value h = 10−4 to 10−3 is a commonly recommended
compromise [13]: small enough to ensure O(h) accuracy,
large enough to avoid floating-point cancellation in the
numerator J(θ + h)− J(θ).

3.5. Optimization Algorithm

Parameter updates follow gradient descent with FFD esti-
mates:

wj←wj − η
J(w + hej , b)− J(w, b)

h
, (7)

b←b− η
J(w, b + h)− J(w, b)

h
, (8)

where ej is the j-th standard basis vector and n = 257 is the
feature dimension (256 normalized 4-mer frequencies + GC-
content). All n + 2 = 259 parameter gradients are estimated
simultaneously from the same base point (w(t), b(t)) before any
update is applied, matching standard batch gradient descent.
The full training procedure is given in Algorithm 3.5.

Algorithm 1: FFD Logistic Regression Training

Input: {(xi, yi)}m
i=1, step h, rate η, patience P , Tmax

Output: w∗ ∈ Rn, b∗ ∈ R
1. Initialize w← 0, b← 0, p← 0, Jbest ←∞
2. for t = 1, . . . , Tmax do
3. J0 ← J(w, b; train) // 1 base eval
4. for j = 1, . . . , n do // n weight evals
5. g̃j ←

[
J(w + hej , b)− J0

]
/h

6. g̃b ←
[
J(w, b + h)− J0

]
/h // 1 bias eval

7. // Simultaneous update (batch GD):
w← w− η g̃; b← b− η g̃b

8. Jval ← J(w, b; val)
9. if Jval < Jbest then w∗←w; b∗←b; Jbest←Jval; p← 0
else p← p + 1; if p ≥ P then break
10. return w∗, b∗

Remark 2: Computational complexity

Each iteration of Algorithm 1 requires n + 2 loss eval-
uations: one base evaluation (step 3), n = 257 weight
perturbations (steps 4–5), and one bias perturbation
(step 6), for a total of 259 evaluations. Each evaluation
costs O(mn) arithmetic operations, so the per-iteration
cost is O(mn2), versus O(mn) for analytical gradient
descent. For m = 2,314 and n = 257, this theoreti-
cal ratio of n + 2 ≈ 259 predicts the observed ∼200×
runtime overhead (empirically lower than the theoret-
ical n + 2 = 259 due to caching and vectorised loss
evaluation).

Remark 3: Convergence

Gradient descent with an FFD gradient estimator con-
verges to within O(h) of a stationary point of J provided:
(i) J is L-smooth, (ii) the learning rate satisfies η < 2/L,
and (iii) h is fixed but small enough that O(h) gradi-
ent bias is negligible relative to convergence tolerance.
For the logistic loss, L ≤ λmax(X⊤X)/(4m) [14]. The
sensitivity analysis (Section 4.6) empirically confirms
condition (iii): fixing h = 10−4 introduces no measurable
deviation from the analytical optimum.

4. Results

All experiments were repeated over ten random seeds; results
are reported as mean ± standard deviation.

4.1. Gradient Approximation Accuracy

Table 2 reports the relative ℓ2 error and cosine similarity
between the FFD and analytical gradient vectors over seven
values of h.

The relative error decreases by exactly one order of mag-
nitude for each tenfold decrease in h, confirming the O(h)
scaling of Proposition 1. Figure 5 visualises this in log–log
scale.
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Table 2: FFD gradient diagnostic. Relative error = ∥∇FD −
∇AN∥2 / ∥∇AN∥2.

h Relative error Cosine sim.

10−1 7.561× 10−2 0.9971
10−2 7.630× 10−3 0.99997
10−3 7.630× 10−4 ≈ 1
10−4 7.629× 10−5 ≈ 1
10−5 7.629× 10−6 ≈ 1
10−6 7.623× 10−7 ≈ 1
10−7 7.049× 10−8 ≈ 1
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Finite-difference step size h
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Figure 5: Relative gradient error vs. h (log–log). Slope = 1
confirms O(h) convergence.

4.2. Training Convergence

Figure 6 shows training and validation binary cross-entropy
loss over 500 epochs (h = 10−4, η = 0.01). The loss decreases
steeply in the first 20 epochs, reaching ≈ 0.010 by epoch 500,
with training and validation curves nearly indistinguishable
(final gap < 0.001), indicating no overfitting.
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Figure 6: Training and validation loss over 500 epochs.

4.3. Feature Ablation Study

Table 3 and Figure 7 report F1 over ten splits for six feature-
set configurations.

Table 3: Ablation study: mean F1 ± std (N = 10 splits).

Feature set FD LR AN LR

GC only 0.845± 0.007 0.844± 0.007
Length only 0.854± 0.008 0.906± 0.008
Length + GC 0.852± 0.008 0.906± 0.008
Norm. k-mer only 0.999± 0.001 0.999± 0.001
Norm. k-mer + GC 0.999± 0.001 0.999± 0.001
Raw k-mer + GC + len 1.000± 0.000 1.000± 0.000

0.0 0.2 0.4 0.6 0.8 1.0
F1-score, mean ± standard deviation

GC only

Length + GC

Length only

Normalized k-mer + GC

Normalized k-mer only

Original pipeline: raw k-mer + GC + length
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0.999

0.999

1.000

Ablation study using finite-difference logistic regression

Figure 7: Ablation study for FD LR. Gap between length-based
(F1 ≤ 0.86) and normalized k-mer (F1 ≥ 0.999) features confirms
that nucleotide composition drives classification.

4.4. Classification Performance on the Test Set

Using normalized 4-mer + GC-content, the FFD optimizer
achieves F1 = 0.9994± 0.0007, accuracy = 0.9993± 0.0007,
and ROC-AUC = 1.000 ± 0.000 over ten splits (Table 4).
Figure 8 shows the confusion matrix and predicted probability
distribution for a representative split.

Table 4: FFD LR test-set performance (mean ± std, N = 10).

Metric Value

Accuracy 0.9993± 0.0007
Balanced accuracy 0.9993± 0.0007
Precision 0.9993± 0.0009
Recall 1.0000± 0.0000
F1 0.9994± 0.0007
MCC 0.9986± 0.0015
ROC-AUC 1.0000± 0.0000

4.5. Comparison with Baseline Classifiers

Table 5 compares all classifiers on normalized 4-mer + GC
features over ten splits.

Table 5: Model comparison (mean ± std, N = 10 splits).

Method F1 ROC-AUC Time (s)

FD LR (ours) 0.9994± 0.0007 1.000 32.22± 0.36
Analytical LR 0.9992± 0.0009 1.000 0.161± 0.048
SVM 0.9995± 0.0007 1.000 0.150± 0.066
Decision tree 0.9989± 0.0013 0.999 0.144± 0.001
Random forest 1.000± 0.000 1.000 0.485± 0.012
KNN 1.000± 0.000 1.000 0.001± 0.000

The FFD optimizer achieves statistically equivalent F1 to
analytical LR. The ∼200× runtime overhead (32.22 s vs. 0.161
s) reflects the n + 2 = 259 function evaluations per iteration,
visualised in Figure 9.
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Figure 8: Classification output for a representative split. Both classes concentrate at predicted probabilities ≈ 0 and ≈ 1, indicating
high model confidence with few ambiguous cases.
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Figure 9: Runtime comparison (mean ± std). FD LR incurs the
largest overhead due to per-parameter function evaluations.

4.6. Hyperparameter Sensitivity Analysis

Figure 10 shows validation loss as a function of h for three
learning rates η. The three curves are strictly horizontal

— final loss depends entirely on η and is insensitive to h
across four orders of magnitude. η = 10−3 fails to converge
within 500 epochs; η ≥ 10−2 converges stably. The primary
configuration is h = 10−4, η = 10−2.
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Finite-difference step size h
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Figure 10: Validation loss vs. h for three learning rates. Hori-
zontal curves confirm that h has no measurable effect on final loss;
only η matters.

4.7. Group-Based External Validation

A leave-one-virus-out protocol produced 5 × 3 = 15 experi-
mental pairs. Figure 11 shows F1 for all pairs.
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Figure 11: Group-based external validation. The clear discontinu-
ity between MERS-CoV pairs (F1 ≈ 0.59) and HCoV-NL63/HCoV-
HKU1 pairs (F1 ≥ 0.989) reflects the phylogenetic proximity of
MERS-CoV to SARS-CoV-2.

When HCoV-NL63 or HCoV-HKU1 is held out, the model
achieves F1 ≥ 0.989. When MERS-CoV is held out, F1 drops
to ≈ 0.59 with Recall = 1.000 and Precision ≈ 0.42, meaning
the model classifies all MERS-CoV sequences as SARS-CoV-2.

5. Discussion

5.1. Empirical Validation of the O(h) Bound

Table 2 and Figure 5 confirm the O(h) scaling of Proposition 1
over seven decades. The cosine similarity exceeds 0.997 even
at h = 10−1, showing that the gradient direction — the
quantity that matters for convergence — is preserved across
all tested step sizes. The sensitivity analysis (Subsection 4.6)
corroborates this: varying h over four orders of magnitude
has zero measurable effect on final F1, while the learning rate
is the dominant hyperparameter. The FFD and analytical
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optimizers converge to statistically equivalent solutions (F1:
0.9994± 0.0007 vs. 0.9992± 0.0009), validating the core claim
of this work.

5.2. Feature Engineering: Resolving the Length Con-
found

The ablation study reveals that sequence length alone achieves
F1 ≈ 0.85–0.91, and raw k-mer counts (which encode length)
give F1 = 1.000. Since SARS-CoV-2 sequences are predomi-
nantly near-full-length genomes (∼29,000 bp) while many non-
SARS-CoV-2 sequences are short partial amplicons (< 1,000
bp), any length-encoding feature trivially separates the classes.
Normalized k-mer frequencies remove this confound and
are themselves discriminative (F1 = 0.999), making the re-
ported performance figures more credible as reflections of true
sequence-level discrimination.

5.3. Generalization Limits: The MERS-CoV Finding

The group-based validation reveals a biologically meaningful
generalization boundary. HCoV-NL63 (Alphacoronavirus)
and HCoV-HKU1 (Betacoronavirus, Embecovirus) are phy-
logenetically distant from SARS-CoV-2, so 4-mer profiles
learned from training data transfer well even when these
viruses are unseen. MERS-CoV (Betacoronavirus, Merbe-
covirus) shares a common genomic architecture and similar 4-
mer composition with SARS-CoV-2; without any MERS-CoV
training examples the model cannot construct a discriminat-
ing boundary, and predicts all test sequences as SARS-CoV-2.
This highlights a practical limitation of the binary classifica-
tion framing: a multi-class formulation would be required for
reliable screening of phylogenetically proximate lineages.

5.4. Limitations

Several limitations should be acknowledged. First, the per-
iteration cost of FFD scales as O(n) function evaluations,
making it computationally prohibitive for models with millions
of parameters without additional approximations (e.g., SPSA).
Second, the O(h) error bound may be pessimistic: floating-
point cancellation in J(θ+h)−J(θ) degrades accuracy for h ≲
10−8 (double precision), establishing a practical lower bound
on h. Third, the binary SARS-CoV-2 / non-SARS-CoV-2
framing assumes a clean two-class world; in practice, novel
lineages may fall near the decision boundary. Fourth, results
are specific to the NCBI Virus snapshot at collection time
and may not generalize to sequence databases with different
variant proportions. Finally, with only ten random seeds the
standard deviations reported are estimates; a larger number
of replicates would provide tighter confidence intervals.

5.5. Positioning Against Prior Work

Direct quantitative comparison with related studies is limited
by differences in dataset, task framing, and feature type;
nonetheless, the broader landscape provides useful context.

On clinical feature sets, Fleitas et al. [4] applied multivariate
logistic regression to symptom profiles of COVID-19 patients
and reported a sensitivity of 82.8% and specificity of 74.6%.
Ghosh et al. [7] achieved accuracy of approximately 95% using
robust logistic regression on a clinical laboratory dataset.

These results reflect the inherent noise and class overlap in
symptom-based data; genomic sequences, by contrast, carry a
far richer discriminative signal, which explains why sequence-
based methods routinely approach F1 ≥ 0.99.

On genomic and protein sequence inputs, Aminah et al. [6]
compared multiple machine learning classifiers for COVID-
19 detection from protein sequences and demonstrated that
normalized compositional features yield high classification ac-
curacy, consistent with our finding that normalized 4-mer
frequencies (F1 = 0.999) outperform raw counts. Singh
et al. [17] benchmarked several machine learning methods
on SARS-CoV-2 genomic data, with top classifiers achieving
accuracy exceeding 98%. Rudar et al. [5] identified charac-
teristic sequence signatures within the SARS-CoV-2 genome
that are sufficiently stable across variants to support reliable
discrimination from other coronaviruses, providing biological
justification for the near-perfect F1 attained here.

The distinguishing contribution of the present work is not
the classification accuracy itself — which was expected to be
high given the biological separability of the classes — but
rather the rigorous theoretical treatment of the FFD gradient
estimator and the empirical demonstration that a derivative-
free optimizer with a provable O(h) error bound can match
analytical gradient descent to within measurement uncertainty
(F1: 0.9994 ± 0.0007 vs. 0.9992 ± 0.0009, p > 0.05). This
equivalence, achieved on a real genomic task, establishes FFD
logistic regression as a credible alternative in settings where
analytical gradients are unavailable.

5.6. Implications for Complex Model Architectures

The framework established here — formal O(h) error bound
plus empirical validation of convergence equivalence — pro-
vides a principled baseline for extending FFD to model classes
where analytical gradients are unavailable. In deep learning,
backpropagation [16] requires all components to be differen-
tiable; models with non-differentiable operations (threshold
functions, sorting operators, discrete latent variables) cannot
use it directly. The FFD framework, relying only on loss
evaluations, sidesteps this constraint. Two mitigation strate-
gies for scaling to deep networks are: (1) random directional
perturbation (SPSA [14]), reducing per-iteration cost from
O(n) to O(1) evaluations; and (2) a hybrid scheme applying
FFD only to non-differentiable layers while backpropagation
handles the rest.

6. Conclusion

This paper presented a derivative-free optimization framework
for logistic regression based on forward finite difference gradi-
ent estimation, validated on binary SARS-CoV-2 genomic clas-
sification. The theoretical O(h) error bound (Proposition 1)
was confirmed empirically: relative error decreases from 7.56%
at h = 10−1 to 7.0× 10−8 at h = 10−7, with cosine similarity
exceeding 0.997 at all tested step sizes. The FFD optimizer
achieves F1 = 0.9994± 0.0007 and ROC-AUC = 1.000 over
ten random splits, statistically equivalent to analytical logistic
regression (F1 = 0.9992± 0.0009), at a ∼200× computational
overhead reflecting the n + 2 = 259 function evaluations per
iteration. An ablation study identified sequence-length con-
founding in raw k-mer counts, motivating normalized frequen-
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cies as the primary representation. Group-based external vali-
dation showed excellent generalization to unseen SARS-CoV-2
variants and to HCoV-NL63/HCoV-HKU1 (F1 ≥ 0.989), but
systematic failure on held-out MERS-CoV (F1 ≈ 0.59) due to
shared Betacoronavirus k-mer profiles. These results establish
logistic regression as a transparent validation platform for
derivative-free gradient methods. Future work will extend
the framework to multi-layer perceptrons and convolutional
networks, and investigate central finite differences and stochas-
tic perturbation strategies (SPSA) for improved efficiency at
scale.
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