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Abstract- Accurately identifying transaminases from protein sequences helps in computational protein annotation.
Transaminases are significant enzymes involved in amino-group transfer processes. This paper introduces
iTransaminase-PseAAC, a sequence-based framework that uses statistical and position-relative properties to differentiate
between transaminase and non-transaminase proteins. 3,077 transaminase and 2,500 non-transaminase protein sequences
were included in the original dataset, which was gathered from UniProt. 1,002 positive and 2,129 negative sequences were
obtained after using CD-HIT with a similarity threshold of 0.65 to remove sequence redundancy. Statistical moments
were used in conjunction with the Position Relative Incidence Matrix (PRIM), Reverse Position Relative Incidence Matrix
(RPRIM), Accumulative Absolute Position Incidence Vector (AAPIV), and Reverse Accumulative Absolute Position
Incidence Vector (RAAPIV) to describe protein sequences. A Random Forest classifier was fed these characteristics,
which capture amino acid composition, positional connections, and sequence orientation. Jackknife validation, 10-fold
cross-validation, and self-consistency were used to assess the proposed model. For self-consistency testing and jackknife
validation, the reported accuracies were 99.90% and 99.93%, respectively, with comparable excellent performance noted
throughout the cross-validation folds. Additionally, a web interface for sequence-level prediction was created using
Python. The results show that an efficient representation for transaminase classification on the reported benchmark may
be obtained by combining statistical moments with position-relative sequence descriptors.
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1. Introduction
Sequence-based protein classification is a recurring problem in computational biology because experimentally determining
protein function is costly and time-consuming. Pseudo-amino-acid-composition (PseAAC) representations and
sequence-derived descriptors have therefore been used to encode information beyond simple residue frequencies [1]-[5].
The present work applies this general idea to the identification of transaminase proteins. Transaminases, also called
aminotransferases, catalyze amino-group transfer between amino acids and keto acids. Their biochemical roles and
substrate preferences have been studied experimentally and computationally [6]-[9]. Serum transaminase levels are also
used clinically as biochemical indicators in several conditions, although the computational task addressed here is different:
this paper predicts whether a protein sequence belongs to the transaminase class rather than diagnosing disease from patient
measurements [10]-[13]. The problem is to derive a sequence representation that captures both composition and positional
information, then use that representation for supervised classification. The proposed iTransaminase-PseAAC framework
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combines statistical moments with PRIM, RPRIM, AAPIV, and RAAPIV features and trains a Random Forest classifier.
The evaluation uses self-consistency, leave-one-out (jackknife), and 10-fold cross-validation.

This paper’s primary contributions are:
• A sequence representation that combines statistical moments with forward and reverse position-relative features
• A Random Forest-based classifier evaluated using three validation procedures
• A Python-based web interface for sequence-level prediction
• A creation of a transaminase/non-transaminase benchmark from UniProt, followed by CD-HIT redundancy reduction

at a 0.65 similarity cutoff.
The rest of the paper is organized as follows. The biological and computational background required to understand

the sequence representation used in this investigation is given in Section 2. Related research on transaminases and
sequence-based protein prediction is reviewed in Section 3. The Random Forest model, feature creation, and benchmark
dataset are explained in Section 4. Section 5 presents the evaluation protocol. Section 6 reports and discusses the results,
including the web interface and limitations. Section 7 concludes the paper.

2. Biological and Computational Background
The prediction problem addressed in this work starts from the primary structure of a protein. Proteins are chains of
amino-acid residues arranged in a specific order, and this order provides the sequence information used by computational
predictors. Proteins are functionally diverse macromolecules that perform catalytic, transport, structural, signaling,
defense, contraction, and storage roles [14], [15]. For the present paper, the important point is not the full diversity of
protein biology, but the fact that a protein can be represented as an ordered sequence whose composition and residue
positions can be converted into numerical descriptors.

2.1. Amino Acids and Primary Protein Structure
The standard protein alphabet contains 20 common amino acids. Each amino acid has a central carbon atom attached to
an amino group, a carboxyl group, a hydrogen atom, and a side chain, commonly denoted by 𝑅. The 𝑅 group distinguishes
one amino acid from another and contributes to chemical properties such as polarity, charge, and hydrophobicity [16],
[17]. While Figure 2 summarizes the 20 amino acids based on the chemical composition of their side chains, the Figure 1
shows the common structural pattern of an amino acid.

Figure 1: General structural organization of an amino acid used as the basic unit of a protein sequence.

The sequence is more than just a count of residues from a computational standpoint. Although the amino acid content
of two proteins may be similar, the arrangement of those residues along the chain may differ. Feature representations
that preserve both local or relative positional information and global composition are motivated by this difference. The
purpose of the position-sensitive descriptors used later in this paper, namely PRIM, RPRIM, AAPIV, and RAAPIV, is to
retain information that would be lost with a straightforward frequency vector.

2.2. Peptide Bonds, Directionality, and Sequence Order
Adjacent amino acids are connected through peptide bonds formed between the carboxyl group of one residue and the
amino group of the next residue. This produces a polypeptide chain with a defined direction from the amino terminus
(N-terminus) to the carboxyl terminus (C-terminus) [18]. The peptide-bond arrangement is illustrated in Figure 3.
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Figure 2: The 20 common amino acids grouped according to side-chain properties.

The directional nature of a protein sequence is relevant to the feature design used in this work. PRIM records relative
residue positions in the original sequence, whereas RPRIM repeats the representation after reversing the sequence.
Similarly, AAPIV and RAAPIV summarize accumulated positions in the forward and reverse directions. The use of
both directions is therefore connected to an explicit property of the input representation: a protein sequence is ordered,
and reversing that order changes the positional relationships among residues even when the amino-acid counts remain
unchanged.

2.3. Transaminases and Amino-Group Transfer
Transaminases, or aminotransferases, catalyze transamination reactions in which an amino group is transferred between
an amino acid and a keto acid [6], [7]. The reaction is reversible and forms an important part of amino-acid metabolism.
A simplified transamination reaction is shown in Figure 4. Pyridoxal-5-phosphate (PLP) is an important cofactor in
transaminase reactions. In the catalytic cycle, PLP participates in reversible Schiff-base formation and supports transfer
of the amino group between donor and acceptor substrates [19]. Figure 5 illustrates the amino-acid-PLP Schiff-base
intermediate involved in the catalytic cycle. Although they aren’t used as direct inputs to the model, these biochemical
features provide the categorization job context. The proposed predictor does not evaluate enzyme activity or mimic the
catalytic process. Rather, it learns from protein sequences that have been classified as transaminase or non-transaminase
and uses statistical and positional information acquired from the sequences to try to differentiate between the two groups.

2.4. Biomedical Context and Scope of the Predictor
Because blood alanine aminotransferase (ALT) and aspartate aminotransferase (AST) measures are utilized to evaluate
liver and other metabolic disorders, transaminases are also extensively studied in biomedical literature [10]–[13], [20].
Abnormal transaminase levels have been linked to insulin resistance, non-alcoholic fatty liver disease, and other diseases
in clinical investigations. The biological significance of transaminases is explained by that clinical literature, but it should
not be confused with this paper’s computational goal. Amino acid sequences from a public protein database are used
by the predictor presented here. Its output is a sequence-level classification between transaminase and non-transaminase
proteins. It does not take serum ALT or AST measurements as input, does not estimate disease risk, and is not evaluated
as a clinical diagnostic system. Maintaining this distinction is important when interpreting the results and the potential
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Figure 3: Formation of a peptide bond between two amino acids.

Figure 4: General transamination reaction between an amino acid and an 𝛼-keto acid.

use of the web interface. Table 1 summarizes how the biological background connects to the computational representation
used by iTransaminase-PseAAC.

Table 1: Connection between biological information and the sequence-based representation used in this paper.

Biological aspect Information available from sequence Representation in the model

Amino-acid composition Residue identities and occurrence frequencies Frequency-derived information and statistical
moments

Sequence order Relative location of residues along the
polypeptide chain

PRIM and AAPIV

Sequence direction Positional relationships viewed from the opposite
sequence direction

RPRIM and RAAPIV

Protein-level pattern Combined composition and position information
across the complete sequence

Integrated feature vector supplied to the Random
Forest

Transaminase class label Annotation of a sequence as transaminase or
non-transaminase

Supervised target class
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Figure 5: Amino-acid-PLP Schiff-base intermediate associated with transaminase catalysis.

3. Related Work
Recent transaminase studies have examined enzyme function, substrate scope, engineering, and biomedical relevance.
Voss et al. investigated the emergence of (𝑅)-amine transaminase activity within an amino-acid-transaminase scaffold,
while Tang et al. characterized a transaminase from Rhizobium sp. [6], [7]. Cheng et al. used high-throughput screening
for transaminase engineering and substrate-scope extension [8]. Bowsher and Henry characterized rat-brain cytosolic
tyrosine transaminase as glutamine transaminase-K [9]. Other studies considered transaminase activity in clinical or
biochemical settings. Zhou et al. examined relationships among folate, vitamin B12, homocysteine, transaminases, and
mild cognitive impairment, while Brumboiu et al. analyzed pathological serum-transaminase levels [10], [11]. Dai
et al. reviewed acupoint embedding for non-alcoholic fatty liver disease with abnormal transaminase, and Yamamoto
et al. studied the association between serum transaminases and insulin resistance [12], [13]. Transaminases have
also been studied as biocatalysts and therapeutic targets. Matassa et al. reported a transaminase-catalyzed synthesis
and recovery process for a chiral amine, Meng et al. investigated computational stabilization of 𝜔-transaminases,
and Matsumoto et al. developed a transaminase-mediated pathway for n-butylamine production [21]-[23]. Yoshida
et al. investigated inhibition of glutamate-oxaloacetate transaminase 1 in pancreatic cancer, while Planchestainer et
al. described a screening strategy for transaminase evolution [24], [25]. Hegde et al. reported GABA transaminase
deficiency with survival into adulthood [26]. For sequence-based protein prediction, PseAAC-style representations and
position-sensitive descriptors have been used in several protein-property prediction tasks. Examples include N-linked
glycosylation prediction, S-palmitoylation prediction, disulfide-bonding prediction, phosphotyrosine prediction, and
protease classification [2]-[5], [27]. These studies motivate the use of sequence-derived statistical and positional features
in the present classifier. A common pattern across these sequence-based predictors is the conversion of a variable-length
amino-acid sequence into a fixed-length numerical representation before classification. While position-relative features
preserve information about residue locations, statistical moments offer global descriptors of the mapped sequence. For
protein structure or functional prediction, related research have integrated PseAAC-style characteristics with ensemble
approaches, support vector machines, and other classifiers [28]–[33]. These papers give the current feature-construction
technique methodological background. Additionally, the literature distinguishes between two directions of research.
Biochemical characterisation, enzyme engineering, catalytic activity, and clinical connections are major topics in the
transaminase literature [6]–[26]. On the other hand, computer prediction of protein characteristics from sequence is the
subject of PseAAC-based investigations [1]–[5], [27], [28]–[33]. By building a transaminase-specific sequence classifier
that integrates position-relative descriptors, statistical moments, and a Random Forest model, the current study links these
directions. Therefore, rather than measuring transaminase activity in a lab, the paper focuses on protein annotation from
sequence.
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4. Materials and Methods
4.1. Benchmark Dataset
Transaminase-related annotations were used to gather protein sequences from the UniProt database. Prior to redundancy
reduction, the original collection comprised 2,500 non-transaminase sequences and 3,077 transaminase sequences.
Sequences from organisms like Arabidopsis thaliana, Bacillus subtilis, human, Escherichia coli K12, and mouse were
included in the positive collection, whereas sequences from A. thaliana, human, mouse, rat, and Saccharomyces cerevisiae
were included in the non-transaminase collection. Prior to model creation, entries with ambiguous or incomplete
annotations were eliminated.

When similarly related proteins are included in both model-development and evaluation subsets, redundant and
extremely similar sequences may inflate performance estimates. To reduce homology bias, CD-HIT was used [34]. There
is a claimed similarity threshold of 0.65. Following this stage, there were 2,129 negative and 1,002 positive sequences
in the sample. The reduced dataset is the more appropriate benchmark for reporting model generalization, although the
experimental description does not state with complete clarity which reported validation tables were produced before or
after this filtering step. That point is retained as a reproducibility issue in Section 6.6.

Let the benchmark set be written as
S = S+ ∪ S− , (1)

where S+ denotes transaminase sequences and S− denotes non-transaminase sequences.
The overall prediction workflow is shown in Figure 6.

Figure 6: Workflow used to construct and evaluate the transaminase prediction model.

4.2. Sequence Representation
The feature design follows the general sequence-representation strategy used in PseAAC-related predictors [1], [35]. The
source sequence is mapped into numerical form so that composition and positional information can be represented within
a fixed-length feature vector. If a protein sequence of length 𝑚 is written as

𝑆 = {𝛽1, 𝛽2, . . . , 𝛽𝑚}, (2)

then numerical values are assigned to residues and the one-dimensional sequence is mapped into a two-dimensional
arrangement. The representation uses

𝑧 =
⌈√

𝑚
⌉

(3)
as the dimensioning term for this mapping. The two-dimensional representation is then used to calculate moments, while
separate position-relative descriptors are derived directly from the residue order. This combination allows the final vector
to include global distributional information together with explicit sequence-position information.

The paper combines five feature components:
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1. statistical moments;

2. Position Relative Incidence Matrix (PRIM);

3. Reverse Position Relative Incidence Matrix (RPRIM);

4. Accumulative Absolute Position Incidence Vector (AAPIV); and

5. Reverse Accumulative Absolute Position Incidence Vector (RAAPIV).

Related work on high-dimensional and sequence-based learning provides context for the use of compact numerical
descriptors [36]-[38]. Table 2 summarizes the role of each feature family in the final representation.

Table 2: Feature components used to represent each protein sequence.

Feature component Source information Purpose in the representation

Raw moments Two-dimensional numerical mapping of the
sequence

Summarize distributional properties of the mapped
values

Central moments Sequence values measured around the centroid Describe variation relative to the center of the
mapped representation

Hahn moments Orthogonal polynomial representation Add order-sensitive descriptors of the mapped
sequence

PRIM Relative positions in the forward sequence Encode pairwise positional incidence
RPRIM Relative positions in the reversed sequence Encode positional incidence from the reverse

direction
AAPIV Accumulated absolute residue positions Retain forward positional information in vector form
RAAPIV Accumulated positions in the reversed sequence Retain reverse positional information in vector form

4.3. Statistical Moments
The representation uses raw, central, and Hahn moments. A protein sequence is first mapped to a two-dimensional
numerical representation. For a mapped matrix 𝑎𝑥𝑦 , the raw moment of order (𝑝, 𝑞) is represented as

𝑀𝑝𝑞 =
∑︁
𝑥

∑︁
𝑦

𝑥𝑝𝑦𝑞𝑎𝑥𝑦 . (4)

The centroid is obtained from the first-order raw moments,

𝑥 =
𝑀10
𝑀00

, 𝑦̄ =
𝑀01
𝑀00

, (5)

and the corresponding central moment is

𝜇𝑝𝑞 =
∑︁
𝑥

∑︁
𝑦

(𝑥 − 𝑥) 𝑝 (𝑦 − 𝑦̄)𝑞𝑎𝑥𝑦 . (6)

Moments are calculated up to third order. For the raw and central families, this produces a compact set of descriptors
such as 𝑀00, 𝑀01, 𝑀10, and higher-order combinations whose total order does not exceed three. The raw moments
describe the distribution of the mapped values, while the central moments are evaluated relative to the centroid and
therefore emphasize variation around the center of the numerical representation. Hahn moments are also used to obtain
additional order-sensitive descriptors. Hahn moments are derived from discrete orthogonal polynomials and are used
here as another compact description of the two-dimensional sequence mapping. Similar moment-based representations
have been used in earlier pattern-recognition and protein-prediction studies [27], [39], [40]. The three moment families
are not treated as independent classifiers; their coefficients are concatenated with the position-relative features to form the
representation supplied to the Random Forest.

4.4. Position-Relative Features
PRIM captures relative positional information among the 20 standard amino acids. The resulting matrix has dimension
20 × 20, so each row and column corresponds to one amino-acid type. An entry summarizes the relative incidence of
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one residue type with respect to another in the original sequence. Because the complete matrix contains 400 coefficients,
moment calculations are used to obtain a more compact representation.

RPRIM applies the same construction after reversing the primary sequence. This does not change the amino-acid
composition, but it changes the order in which positional relationships are encountered. Using both PRIM and RPRIM
therefore provides complementary views of the same sequence without requiring an explicit structural model. The reduced
positional descriptors are then combined with the other feature families described in Table 2.

The frequency vector records residue occurrence counts,

𝝃 = {𝜏1, 𝜏2, . . . , 𝜏20}, (7)

where 𝜏𝑖 is the frequency of the 𝑖th amino acid. AAPIV records accumulated residue positions in the original sequence.
For residue type 𝑖 occurring at positions 𝑟1, . . . , 𝑟𝑛, its component is represented as

𝑣𝑖 =

𝑛∑︁
𝑡=1

𝑟𝑡 . (8)

RAAPIV applies the same construction to the reversed sequence. If a residue occurs repeatedly at different locations,
AAPIV and RAAPIV preserve the accumulated positional contribution instead of reducing the sequence to a simple
count. Position-relative descriptors of this type are intended to retain information that is lost when only global residue
frequencies are used [2], [3], [41]. The final feature vector is constructed by integrating the moment coefficients
with PRIM/RPRIM-derived descriptors, residue-frequency information, and the AAPIV/RAAPIV components. The
final dimensionality of the concatenated vector is not reported and should be documented for reproducibility. The
important design choice is that the representation combines composition, relative position, and sequence direction before
classification.

4.5. Random Forest Classifier
The extracted feature vectors are classified using a Random Forest. A Random Forest combines multiple decision trees and
assigns the final class by aggregating the individual tree outputs. Figure 7 shows the Random Forest ensemble structure
used for classification.

Figure 7: Random Forest ensemble used for classification.

Classification challenges involving diverse predictors and high-dimensional feature sets have been addressed with
Random Forests [42]–[44]. Another example of this classifier in computational biology is protein-binding-site prediction
using Random Forest [45]. Samples of training data are used to generate several decision trees. Instead of choosing
candidate features from the whole feature set, a random subset is chosen at each stage of the tree construction process.
The forest uses majority voting to aggregate the class judgments made by each tree. Because the input vector includes
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Table 3: Self-consistency results for iTransaminase-PseAAC.

Predictor Acc (%) Sp (%) Sn (%) MCC

iTransaminase-PseAAC 99.9 100 99.9 0.9985

Figure 8: Confusion matrix reported for self-consistency testing.

many feature families with distinct numerical properties, this ensemble structure is helpful for the current representation.
Four main processes form the training process: choose training observations, build a decision tree, repeat the procedure to
get the necessary number of trees, and combine the tree outputs to create a new feature vector. The present experimental
description does not include the precise number of trees, tree-depth restrictions, random seed, or feature-subsampling
parameters. Because they are necessary for precise repeatability, these implementation details should be extracted from
the source code prior to final publishing.

5. Experimental Evaluation
5.1. Evaluation Metrics
The paper reports sensitivity (Sn), specificity (Sp), accuracy (Acc), and Matthews correlation coefficient (MCC). Using
the standard confusion-matrix notation TP, TN, FP, and FN, these metrics are

𝑆𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
, (9)

𝑆𝑝 =
𝑇𝑁

𝑇𝑁 + 𝐹𝑃
, (10)

𝐴𝑐𝑐 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
, (11)

𝑀𝐶𝐶 =
𝑇𝑃 · 𝑇𝑁 − 𝐹𝑃 · 𝐹𝑁√︁

(𝑇𝑃 + 𝐹𝑃) (𝑇𝑃 + 𝐹𝑁) (𝑇𝑁 + 𝐹𝑃) (𝑇𝑁 + 𝐹𝑁)
. (12)

These metrics are commonly used in sequence-based prediction studies to assess positive-class recovery, negative-class
recovery, overall accuracy, and balanced correlation [46]-[48].

5.2. Validation Protocols
Three procedures are reported.
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Figure 9: ROC curve reported for self-consistency testing.

Table 4: Jackknife validation results for iTransaminase-PseAAC.

Predictor Acc (%) Sp (%) Sn (%) MCC

iTransaminase-PseAAC 99.93 99.90 99.95 0.52

Self-consistency testing evaluates the model on the same data used for model construction. It measures how well the
fitted model reproduces its training labels, but it does not provide an independent estimate of generalization.

Jackknife validation follows a leave-one-out procedure in which the model is trained on all but one sample and tested
on the held-out sample. The process is repeated across the benchmark [28], [29], [49].

10-fold cross-validation partitions the benchmark into ten folds, trains on nine folds, and evaluates on the remaining
fold. The procedure is repeated so that each fold is used for evaluation. Cross-validation and related resampling strategies
are widely used in protein-sequence prediction [30]-[33].

5.3. Interpretation of the Validation Procedures
The three reported procedures answer different questions and should therefore not be interpreted as interchangeable
evidence. Self-consistency testing measures whether the fitted classifier can reproduce the labels of the data used during
model construction. It is useful as a training check but is expected to be optimistic because the same observations are
used for fitting and evaluation. Jackknife validation is more stringent because each sequence is held out once, while
10-fold cross-validation evaluates groups of held-out sequences and is less computationally demanding than leave-one-out
validation. The benchmark is also imbalanced after CD-HIT filtering, with 1,002 reported positive sequences and 2,129
reported negative sequences. Accuracy alone therefore does not provide a complete description of classifier behavior.
Sensitivity and specificity separate performance on the two classes, while MCC summarizes the relationship between
predicted and observed labels in a single value. For this reason, the discussion below considers the complete set of
reported metrics rather than relying only on accuracy.

6. Results and Discussion
Table 3 reports the self-consistency results and the jackknife results are reported in Table 4. The corresponding confusion
matrix is shown in Figure 8, and the source ROC plot is shown in Figure 9. Because self-consistency reuses the training
data for evaluation, the near-perfect result should be treated as a fit check rather than an estimate of performance on unseen
sequences. Table 5 reports the fold-wise cross-validation values. Table 6 compares the proposed approach with other
approaches.

6.1. Web Interface
A Python-based web interface was implemented for entering a protein sequence and obtaining a
transaminase/non-transaminase prediction. Related PseAAC studies have emphasized accessible web implementations
for computational predictors [50]-[53]. The interface represents the deployment stage of the workflow: a user supplies
an amino-acid sequence in the prediction field, submits the sequence, and receives the predicted class from the trained
model. A screenshot of the reported interface is shown in Figure 10. Separate sections for general information, prediction,
work-related information, and other data are included in the interface.

Article ID: JEPCS-2025-0102-0025 | Page 10



JEPCS | Journal of Emerging Paradigms in Computing Systems | Vol. 01, No. 02, 2025

Table 5: Ten-fold cross-validation results.

Fold Sn (%) Sp (%) MCC Acc (%)

K1 100 100 1.0000 100
K2 100 100 1.0000 100
K3 99 100 0.9927 99.7
K4 100 100 1.0000 100
K5 100 100 1.0000 100
K6 100 100 1.0000 100
K7 99 100 0.9927 99.7
K8 100 100 1.0000 100
K9 99 100 0.9926 99.7
K10 100 100 1.0000 100

Average 100 99.77 0.9978 99.91

Table 6: Comparison with other methods.

Method Sensitivity Specificity Accuracy MCC

SVM BUPA LIVER 80% 37.5% 63% 0.37
SVM ILPD 95% 10.8% 71% 0.21
MLP 100% 100% 100% 1.0
GRNN 100% 98.99% 99.50% 1.00
NeuroSVM - - 99.83% -

Figure 10: Web interface reported for iTransaminase-PseAAC.

6.2. Limitations
Although the results are satisfactory, there are a few limitations. First, the precise samples utilized in each validation
experiment should be made clear, as both pre-CD-HIT and post-CD-HIT dataset sizes are presented. Second, there is a
discrepancy between the independent cross-validation summary and the 10-fold average. Third, the reported jackknife
MCC of 0.52 should be compared to the original output as it seems abnormally low in comparison to the claimed accuracy,
sensitivity, and specificity. Lastly, it is unclear from the comparison table if the techniques given were separated and
evaluated on the same dataset.

7. Conclusion and Future Work
iTransaminase-PseAAC, a sequence-based computational framework for differentiating between transaminase and
non-transaminase proteins, has been proposed in this paper. In order to express amino acid composition, relative
residue locations, and sequence orientation inside the feature vector provided to a Random Forest classifier, the
suggested representation integrates statistical moments with PRIM, RPRIM, AAPIV, and RAAPIV descriptors. A
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reduced benchmark with 1,002 positive and 2,129 negative sequences was created via CD-HIT redundancy reduction
at a similarity threshold of 0.65 from the original sample, which had 3,077 transaminase and 2,500 non-transaminase
sequences. Self-consistency, jackknife, and 10-fold cross-validation were used to assess the model. The fold-wise 10-fold
cross-validation results gave an average accuracy of 99.91%, whereas the reported accuracies for self-consistency testing
and jackknife validation were 99.90% and 99.93%, respectively. These results collectively show that the two protein
classes on the presented benchmark may be successfully distinguished using the combined statistical and position-relative
representation. The trained predictor was also made available for sequence-level categorization through the implementation
of a Python-based web interface. Future work should therefore emphasize reproducible model settings, clearly documented
feature dimensionality, and evaluation on an independent non-redundant protein benchmark. Such evaluation would
provide stronger evidence of how well iTransaminase-PseAAC generalizes beyond the sequences used in the present
paper.
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