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Abstract

Compact discs (CDs) and long-playing records (LPs) reproduce audio through different
mechanisms, creating measurable differences in digitised music signals. We classified CD- and
LP-derived audio using hand-crafted acoustic features and interpretable machine learning
models. A private dataset comprising 17,800 non-overlapping 10-s segments from 597 songs
was evaluated using Random Forest, XGBoost, support vector machine (SVM) and k-nearest-
neighbour (k-NN) classifiers. Because segments from the same song are correlated, we used
song-grouped cross-validation, independent validation and a held-out test set to prevent data
leakage. Random Forest and XGBoost achieved 99.96% segment-level accuracy and correctly
classified all 90 held-out songs. Feature importance, SHAP and ablation analyses indicated that
spectral-harmonic and psychoacoustic characteristics provided the strongest discrimination.
An auxiliary format-conversion analysis showed that the pre-trained XGBoost model retained
the LP label for 94.13% of LP segments converted from WAV to MP3 and the CD label for
93.90% of CD segments decoded from MP3 to WAYV. These findings demonstrate a strong
separation between the evaluated CD- and LP-derived audio classes. However, the classes
contained different songs and were represented in different formats, so musical content,
encoding, mastering and recording-chain differences may have influenced the results. Stricter
content-matched and codec-controlled studies are needed to isolate the effects associated with
the physical medium.

Keywords: audio provenance, compact disc, vinyl record, acoustic features, Random Forest,
XGBoost, SHAP, machine learning

Introduction

Compact discs (CDs) and long-playing records (LPs) follow different playback and transfer
paths. CD-derived audio is retrieved digitally, whereas LP playback involves stylus-groove
interaction, equalisation, amplification and analogue-to-digital conversion. These processes
may produce measurable differences in spectral balance, transient behaviour, low-frequency
noise and inter-channel characteristics. Although such cues are not unique to either medium,
their combined behaviour can provide useful information for audio-provenance assessment,
archive organisation, metadata verification and restoration planning.
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Previous work on analogue-disc restoration, music information retrieval and audio forensics
shows that temporal, spectral, statistical and inter-channel descriptors can capture source- and
acquisition-related characteristics [1]-[21]. However, CD-LP classification is difficult to
interpret because commercial releases may also differ in repertoire, mastering, equalisation,
compression, encoding and playback conditions [22]-[29]. In the present dataset the two classes
contain different songs and source formats; high classification accuracy must therefore be
interpreted as separability of the evaluated acquisition classes rather than as proof of a universal
physical distinction between CD and LP media.

This study investigates whether CD- and LP-derived recordings can be separated on previously
unseen songs using 89 hand-crafted acoustic features and conventional machine learning
classifiers. The main contributions are: (1) song-disjoint training, validation, cross-validation
and held-out testing of Random Forest, XGBoost, RBF-SVM and k-NN; (2) interpretable
analysis using tree importance, SHAP and feature-family ablation; and (3) a supplementary
format-control analysis that evaluates prediction retention after LP WAV-to-MP3 conversion
and CD MP3-to-WAYV decoding. The analysis therefore combines predictive evaluation with
explicit examination of the acoustic and acquisition-related factors that may influence the
classification.

Related Work

Vinyl Artefacts and Acoustic Descriptors

The degradation of analogue audio carriers introduces distinct, quantifiable artefacts. For
instance, clicks in gramophone recordings manifest as random, finite-duration corruptions
ranging from subtle crackle to severe scratches [1]. Because these transient crackle peaks
typically last only 0.36 to 1.09 ms and spread across multiple frequency bands [2], they are best
characterised by short-term metrics such as impulse density, transient energy and spectral flux.
Furthermore, localising these brief disturbances requires bidirectional processing, as standard
long-term averages fail to capture their highly impulsive nature [3].

Beyond high-frequency transients, the physical recording surface and playback mechanisms
frequently introduce persistent, low-frequency disturbances. Modelling these media defects as
strong discontinuities followed by low-frequency pulse tails highlights the diagnostic value of
rumble-related descriptors [4]. However, such low-frequency energy can easily be conflated
with musical bass or mechanical vibration. To disambiguate these sources, spatial measures
such as inter-channel correlation and mid-side energy offer useful supplementary cues, as click-
like disturbances are often correlated across stereo channels [5]. Although a carefully preserved
LP transfer may exhibit very few artefacts, evidence from learned restoration systems [6], [7]
and quality assessment models [8] demonstrates that vinyl degradation has a consistent,
learnable structural footprint rather than behaving as purely random noise. Even
computationally efficient auditory models have proven highly capable of detecting these
structured, perceptible noises [9].
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Hand-Crafted Representations and Audio Provenance

Foundational music information retrieval (MIR) frameworks have long relied on extracting
timbral, rhythmic and pitch-related features to characterise audio [10]. However, the success of
these representations depends heavily on the chosen classification algorithm, which can
significantly alter performance even when the underlying feature space remains constant [11].
To parameterise this acoustic space, digital signal processing pipelines [12] commonly extract
Mel-frequency cepstral coefficients (MFCCs) to capture spectral envelopes, alongside
centroid, bandwidth and roll-off metrics to describe the spectral distribution. Temporal
dynamics and amplitude behaviour are tracked through spectral flux, root-mean-square (RMS)
energy and dynamic range variables.

Although the field has increasingly shifted from engineered features towards deep
representation learning and raw-waveform modelling [13], [14], hand-crafted representations
retain distinct advantages. They may discard fine-grained local spectrogram structure, but
engineered features offer computational efficiency and physical interpretability, qualities that
are particularly important when training data are limited.

In tasks concerning medium provenance, this physical interpretability is paramount. High
accuracy alone cannot reveal whether a model is detecting true surface noise or merely
overfitting to unrelated musical content. Evaluating multiple classifiers with fundamentally
distinct decision boundaries therefore provides valuable insight. By comparing the decorrelated
tree aggregation of Random Forests [15], the non-linear decision boundaries of RBF support
vector machines [16], the scalable gradient boosting of XGBoost [17] and the simple distance-
based logic of k-nearest neighbours, researchers can isolate algorithmic behaviour. Evaluating
these diverse models under identical preprocessing conditions helps to determine whether
successful classification stems from a specific learner's bias or reflects genuine, broad
separability within the acoustic feature space.

Audio-Forensic Provenance and Acquisition-Chain Identification

Audio forensic research provides a strong precedent for this type of classification,
demonstrating that acquisition chains imprint persistent acoustic signatures on recorded media.
Hardware source devices, for example, can be reliably identified using both spatiotemporal
representation learning [18] and end-to-end transfer learning, even under data-constrained
conditions. Furthermore, device-specific effects and environmental acoustics frequently
coexist and can be disentangled through joint modelling techniques [19]. Although these
forensic applications differ structurally from CD-LP identification, they establish that chain-
dependent artefacts, such as frequency-response anomalies and compression traces, are
inherently quantifiable.

To ensure that provenance models are robust, they must be evaluated independently of the
underlying audio content. Testing under recompression, additive noise [20] and various format
conversions [21] reveals the resilience of specific acoustic signatures, particularly MFCC
derivatives. Notably, explainable Al techniques indicate that high-frequency log-Mel regions
play a disproportionately large role in identifying source devices [22]. Because these high-
frequency bands frequently encode both playback-chain characteristics and codec artefacts,
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content-disjoint evaluation protocols are essential to prevent models from learning spurious,
content-based correlations [23].

Leakage, Content Bias, Mastering and Domain Shift

The risk of spurious correlation is heavily exacerbated by the correlated nature of song
segmentation. If segments from the same audio track appear in both training and test partitions,
models can easily exploit song identity or mix characteristics, leading to artificially inflated
accuracy [24]. Historical dataset audits have repeatedly exposed how replication, mislabelling
and structural leakage can establish misleading performance benchmarks [25], [26]. Rigorous
experimental design therefore requires all segments from an individual song to be grouped
during cross-validation to eliminate direct dataset overlap.

Song grouping alone, however, is insufficient to address broader class-level confounding
variables. For instance, systematic variations in dynamic range and RMS energy are closely
tied to both musical genre [27] and historical mastering trends [28]. The well-documented
"loudness war" clearly illustrates how evolving mastering practices alter audio profiles entirely
independently of the physical carrier medium [29]. Such mastering-induced domain
mismatches can severely degrade the performance of acoustic models [30], while varying
spatial reproduction parameters can similarly skew classification boundaries [31].

Without strict controls, a model ostensibly intended for CD-LP classification may inadvertently
learn to detect genres, release eras or mastering techniques instead of the storage medium.
Synthesising these challenges yields three overarching principles for robust evaluation: first,
vinyl-specific physical artefacts are objectively measurable; second, acquisition hardware can
be classified using targeted representations; and third, high classification accuracy is
meaningless if musical content, mastering or encoding is implicitly coupled with the target
labels. Because no existing benchmark directly evaluates conventional feature-based models
on strictly song-disjoint datasets of commercial CD and LP audio, the present study addresses
this methodological gap while imposing strict limits on causal interpretation.

Materials and Methods

Dataset and Preprocessing

The dataset comprised commercially released music drawn from a private collection of CDs
and LPs. The CD recordings were ripped and stored as 320-kbps MP3 files, whereas the LP
recordings were digitised and stored as WAV files. The two collections contained different
songs and were therefore neither paired nor content-matched. As the original sampling rates
varied across files, all audio was standardised to 44.1 kHz during feature extraction. Silence
was removed, and the complete tracks were divided into non-overlapping 10-s segments.
Following preprocessing and feature-availability checks, the modelling corpus contained
17,800 segments from 597 songs: 12,404 segments from 424 CD-derived songs and 5,396
segments from 173 LP-derived songs.

To prevent direct leakage between segments from the same song, the dataset was partitioned at
the song level. Song identifiers were reconstructed by removing the terminal segment suffix
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from each filename. A stratified song-grouped split assigned approximately 70% of the songs
to training and 15% each to validation and testing. All segments from a given song were
retained in the same partition. The training partition contained 12,501 segments from 417
songs, the validation partition contained 2,728 segments from 90 songs, and the held-out test
partition contained 2,571 segments from 90 songs. Set-intersection checks confirmed that no
song identifier occurred in more than one partition.

Hand-Crafted Acoustic Features

Feature extraction was implemented in Python using Librosa and SciPy. Ninety candidate
variables were calculated for each segment. They covered MFCC statistics, spectral centroid,
bandwidth, roll-off, entropy, harmonic energy, frequency-band energy, noise floor, spectral
flatness, high-frequency noise, low-frequency rumble, impulse density, signal-to-noise-related
quantities, RMS, peaks, dynamic range, crest factor, compression and clipping measures, onset,
transient, spectral flux, percussive energy, rhythmic descriptors, stereo correlation, imbalance,
phase, mid-side ratio, spatial width, crosstalk estimates and psychoacoustic proxies, including
loudness, sharpness, roughness, tonality, impulsiveness and perceived quality. The tempo_bpm
variable was entirely missing in the training partition and was removed, leaving 89 predictor
variables.

All feature columns were converted to numeric values. Missing values were imputed using
median values estimated from the relevant fitting data. The imputer was placed inside each
machine learning pipeline so that validation or test values could not influence the
preprocessing. Random Forest and XGBoost used the imputed variables without scaling. RBF-
SVM and k-nearest neighbours additionally used z-standardisation fitted only on the training
data for each evaluation stage. No data-driven feature selection was performed before the main
comparison.

Classifiers and Class Imbalance

Four conventional classifiers were evaluated. Random Forest used 100 trees, unrestricted
depth, balanced class weights and seed 42. XGBoost used 100 trees, a maximum depth of 6, a
learning rate of 0.3, log-loss evaluation, seed 42 and a positive class weight calculated from the
CD-to-LP ratio in the fitting dataset. The RBF-SVM used C = 1.0, gamma = 'scale’, probability
estimation, balanced class weights and seed 42. The k-nearest neighbours classifier used k = 5
with Euclidean distance and did not support class weighting. Class weighting was restricted to
the fitting process, and the validation and test distributions were not resampled during training.
The complete workflow is shown in Figure 1.
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Song-Grouped Cross-Validation,
Validation-Based Model Selection,
and Held-Out Testing
Silence Removal, 10-5 89 Hand-Crafted Acoustic Random Forest, XGBoost, Fe'artr:g?sw,ggﬂ:#g&
CD- and LP-Derived Audio Segmentation, and Song- Features and Model- RBF-SVM, and k-NN Fealure-Famil\.a Ablation
Grouped Partitioning Specific Preprocessing Classification

Auxiliary Format-Control
Sensitivity Analysis Using
Pretrained XGEoost

Figure 1. Machine learning workflow for CD-LP audio classification

Validation, Testing and Statistical Analysis

Five-fold stratified group cross-validation was performed within the training partition using the
song identifier as the grouping variable. The pipeline repeated imputation, scaling, class-weight
calculation and model fitting independently within each fold. Means and standard deviations
were calculated across the five folds. Each candidate pipeline was then fitted to the complete
training partition and evaluated on the independent validation partition. The primary classifier
was selected using validation macro-F1, which gives equal weight to both classes.

After the final hyperparameter configurations were established, each pipeline was refitted using
the combined training and validation partitions and evaluated once on the held-out test
partition. Segment-level performance was evaluated using accuracy, balanced accuracy,
macro-averaged precision, macro-averaged recall, macro-F1 score, area under the receiver
operating characteristic curve (ROC-AUCQC), class-specific recall and confusion matrix analysis.

To evaluate track-level provenance, song-level LP probabilities were computed by aggregating
the estimated segment probabilities within each test song. For song g containing N, segments,
the aggregated probability p, is defined as:

Ng
5o=-L Yp.. i
D= LPs. M

where pg; denotes the predicted LP probability for segment i of song g. The decision rule ¥,
assigning the song to either the LP or the CD class is:

. (LP, pg>05
Y¢=CD, p,<0.5 @

Uncertainty was estimated by resampling the 90 held-out songs with replacement for 5,000
bootstrap replicates. The 95% confidence intervals were calculated for accuracy, balanced
accuracy, macro-F1 score, ROC-AUC and class-specific recall. Resampling songs rather than
individual segments preserves the recordings as the inferential units. Exact McNemar tests
were used to compare song-level correctness for the validation-selected Random Forest against
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XGBoost, SVM and k-NN. The Holm correction controlled the family-wise error rate for the
three planned comparisons.

Learning curves were generated as a descriptive analysis using three stratified song-grouped
folds. Within each fold, the classifiers were refitted using nested, class-stratified subsets
containing 25%, 50%, 75% and 100% of the available training songs. Complete songs were
retained in each subset, and macro-F1 was calculated for the fitting subset and the independent
fold. The learning-curve results were not used for model selection.

Model Interpretation and Feature-Family Ablation

To determine which acoustic characteristics contributed most strongly to the classifications,
feature importance was examined for both tree-based models. Impurity-based importance was
calculated for Random Forest, and gain-based importance for XGBoost. The XGBoost
predictions were further interpreted using TreeSHAP [32]. SHAP values were computed for
500 randomly selected test segments after applying the median imputer from the final pipeline
fitted to the combined training and validation partitions. Positive SHAP values indicated a shift
in the model output towards the LP class, whereas negative values indicated a shift towards the
CD class. Global feature importance was determined from the mean absolute SHAP value.
Because correlated features may share or redistribute their contributions, the rankings were
treated as explanations of the fitted model rather than as causal or unique physical markers of
either medium.

Following the model-level interpretation, a single-family ablation analysis was conducted to
assess the discriminative contribution of each feature group. The validation-selected Random
Forest was trained separately using spectral-harmonic, psychoacoustic, noise, MFCC, stereo,
transient, dynamic/compression and temporal/rhythmic descriptors. All experiments followed
the song-grouped partitions and preprocessing procedure used in the primary analysis. Feature
families were defined before evaluation, and held-out performance was reported descriptively
without influencing model selection. The complete assignment of the 89 predictors to the eight
feature families is provided in Supplementary Table S1.

Format-Control Sensitivity Analysis

Because the CD-derived recordings were stored as MP3 files and the LP-derived recordings as
WAV files, a separate sensitivity analysis was conducted to examine whether the XGBoost
classifier relied primarily on format- or codec-related cues. The analysis used the 2,670-
segment test partition from the original format-control workflow, comprising 1,852 CD-
derived and 818 LP-derived segments. The LP WAV files were encoded as 320-kbps MP3
files, and the CD MP3 files were decoded to 44.1-kHz WAV files. The same feature-extraction
procedure and training-derived preprocessing parameters were applied to each condition, and
the pre-trained XGBoost model was evaluated without retraining.

Overall accuracy was calculated for the original mixed-format test set because it contained both
classes. Each converted condition, however, contained only one class, so the converted results
were reported as class-label retention rates: LP recall following WAV-to-MP3 conversion and
CD recall following MP3-to-WAYV decoding. These values do not represent complete binary-
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classification accuracies and are not directly comparable with the results from the primary
2,571-segment song-grouped test set. In addition, decoding MP3 audio to WAV does not
remove compression artefacts already introduced during MP3 encoding, while converting LP
WAV files to MP3 introduces a new lossy-compression stage. The analysis was therefore used
to determine whether the presented file format was the sole basis of classification, rather than to
establish complete codec independence.

Results

Song-Grouped Cross-Validation and Validation Selection

The tree ensembles produced the strongest song-grouped cross-validation results (Table 1).
Random Forest achieved a mean accuracy of 0.9883 and a macro-F1 of 0.9870, whereas
XGBoost achieved 0.9864 and 0.9846, respectively. SVM remained strong, with a macro-F1 of
0.9667, whereas k-NN achieved 0.9156. ROC-AUC was high for every classifier, but LP recall
varied more across folds than CD recall. This variation indicates that performance was more
sensitive to the excluded minority-class songs.

Table 1. Five-fold stratified song-grouped cross-validation (mean + standard deviation)

Model Accuracy Balanced acc. Macro-F1 ROC-AUC CD recall LP recall
gg?eds?m 0.9883 £ 0.0238 | 0.9844 + 0.0322 | 0.9870 + 0.0264 | 0.99998 + 0.00003 | 0.9996 + 0.0006 | 0.9691 + 0.0647
XGBoost 0.9864 + 0.0235 | 0.9831 + 0.0324 | 0.9846 + 0.0260 | 0.99989 + 0.00018 | 0.9966 + 0.0055 | 0.9696 + 0.0665
RBF-SVM | 0.9718 + 0.0227 | 0.9632 + 0.0314 | 0.9667 + 0.0241 | 0.99597 + 0.00504 | 0.9915 + 0.0056 | 0.9349 + 0.0658
k-NN 0.9311 +£0.0213{0.9177 £ 0.0302 | 0.9156 + 0.0214| 0.96513 + 0.01911 | 0.9591 + 0.0222 | 0.8763 + 0.0665

On the independent validation partition, Random Forest achieved the highest macro-F1 score
(0.9792) and was selected as the primary classifier. The validation macro-F1 was 0.9762 for
XGBoost, 0.9384 for SVM and 0.8909 for k-NN. Random Forest validation accuracy was
0.9820, balanced accuracy 0.9724, ROC-AUC 0.9999, CD recall 1.0000 and LP recall 0.9448.

Held-Out Segment-Level Performance

After all four pipelines were refitted using the combined training and validation partitions,
Random Forest and XGBoost each misclassified one of the 2,571 test segments. In both cases
one CD-derived segment was labelled as LP, while all 849 LP-derived segments were classified
correctly. Both models achieved an accuracy and macro-F1 of 0.9996. SVM and k-NN
achieved macro-F1 scores of 0.9757 and 0.9355, respectively, and both showed lower recall for
LP-derived than for CD-derived segments (Table 2). The confusion matrices and ROC curves
are shown in Figures 2 and 3.
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Table 2. Segment-level performance on the held-out test partition

Model Accuracy Bailacré.ced p?:?icsl;gn Macro-F1 RA%((:; CD recall LP recall
Random Forest 0.9996 0.9997 0.9994 0.9996 1.0000 0.9994 1.0000
XGBoost 0.9996 0.9997 0.9994 0.9996 1.0000 0.9994 1.0000
RBF-SVM 0.9786 0.9736 0.9779 0.9757 0.9982 0.9884 0.9588
k-NN 0.9428 0.9364 0.9346 0.9355 0.9691 0.9553 0.9176
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True class

Random Forest

LP
o

Predicted class

SVM (RBF)

Predicted class

LP

20

814

LP

True class

LP

True class
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779
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Figure 2. Segment-level confusion matrices for the song-grouped held-out test partition
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Figure 3. Receiver operating characteristic curves for the song-grouped held-out test partition
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Song-Level Performance, Confidence Intervals and Paired Tests

Aggregating segment probabilities at the song level produced correct classifications for all 90
held-out songs with Random Forest and XGBoost. SVM misclassified two songs, whereas k-
NN misclassified four. The bootstrap intervals of [1.000, 1.000] for the two tree ensembles
resulted mechanically from observing no errors in the fixed test set and should not be
interpreted as evidence of error-free performance on new collections (Table 3).

Table 3. Song-level performance on 90 held-out songs; percentile intervals used 5,000 song-level
bootstrap replicates

Model | Accuracy (95% c1) | BaM€d | nroro-F1 95% c1) | ROC | CDrecall | LP recall
acc. AUC
ngecl‘t’m 1.0000 (1.000-1.000) | 1.0000 | 1.0000 (1.000-1.000) | 1.0000 1.0000 1.0000
XGBoost 1.0000 (1.000-1.000) | 1.0000 | 1.0000 (1.000-1.000) | 1.0000 1.0000 1.0000
RBF-SVM | 0.9778 (0.944-1.000) | 0.9730 | 0.9730 (0.928-1.000) | 0.9994 0.9844 0.9615
k-NN 0.9556 (0.911-0.989) | 0.9459 | 0.9459 (0.888-0.988) | 0.9862 0.9688 0.9231

Exact McNemar comparisons did not reveal significant song-level differences after Holm
correction. Random Forest and XGBoost produced identical song predictions (adjusted p =
1.000). The adjusted p-value was 1.000 for Random Forest versus SVM and 0.375 for Random
Forest versus k-NN. The numerical ranking should therefore not be taken as evidence that the
Random Forest model statistically outperformed the alternative models.

Model Interpretation

Both tree ensembles gave the greatest importance to spectral and high-frequency variables.
Random Forest ranked ultra_high_freq_energy highest (importance = 0.232), followed by
high_freq_noise  (0.146), spectral_flatness_mean (0.140), tonality (0.101) and
perceived_quality (0.093). XGBoost placed substantially greater importance on
ultra_high_freq_energy (0.669), followed by mfcc_8_mean (0.056), spectral_rolloff_85_mean
(0.051), spectral_flatness_mean (0.050) and high_freq_energy_12k (0.028).

TreeSHAP confirmed the dominant contribution of ultra_high_freq energy but gave a
somewhat different ordering of the remaining variables (Figures 4 and 5). Mean absolute SHAP
magnitude was next highest for high_freq_noise and high_freq_energy_12k, followed by
mfcc_5_mean and spectral_flatness_mean. The SHAP distribution also showed that the
direction of a contribution depended on the observed feature value. These attributions explain
how the fitted model used the variables; they cannot determine whether a pattern originated
from vinyl playback, MP3 encoding, mastering, musical content or interactions among these
factors.
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Figure 5. XGBoost SHAP summary for 500 randomly sampled held-out test segments. Positive
values move the model output towards LP, whereas negative values move it towards CD

Feature-Family Ablation

Single-family ablation showed that the spectral-harmonic descriptors nearly reproduced the
complete model, with an accuracy of 0.9981, macro-F1 of 0.9978 and ROC-AUC of 0.99997
(Table 4 and Figure 6). Psychoacoustic variables also showed strong discrimination (macro-F1
=0.9840), followed by noise-related variables (0.9371) and MFCCs (0.8946). Stereo, transient,

dynamic/compression and temporal/rhythmic features

yielded progressively

lower

28

September 2026 Issue - www.ijaiml.com



International Journal of Artificial Intelligence and Machine Learning Volume 8 Issue 9

performance. Their lower LP recall indicates a tendency to assign LP-derived segments to the
majority CD class when stronger spectral and noise cues are unavailable.

Table 4. Held-out segment-level results for Random Forest single-family feature ablation

. No. of Balanced ROC-

Feature family features Accuracy ace. Macro-F1 AUC CD recall LP recall
Spectral-harmonic 14 0.9981 0.9983 0.9978 1.0000 0.9977 0.9988
Psychoacoustic 6 0.9860 0.9803 0.9840 0.9997 0.9971 0.9635
Noise 8 0.9452 0.9307 0.9371 0.9852 0.9733 0.8881
MFCC 26 0.9102 0.8813 0.8946 0.9686 0.9663 0.7962
Stereo 6 0.8051 0.7530 0.7659 0.8578 0.9065 0.5995
Transient 10 0.7406 0.6690 0.6790 0.7837 0.8798 0.4582
Dynamic/ 16 0.7106 0.6317 0.6384 0.7456 0.8641 0.3993
compression
Temporal/rhythmic 3 0.6324 0.5274 0.5172 0.5659 0.8368 0.2179

Spectral-harmonic
Psychoacoustic
Noise
>
E MFCC
®
E Stereo
Transient
Dynamic/compression
Temporal/rhythmic

0.0 0.2 0.4 0.6 0.8 1.0
Macro-F1 on the held-out test partition

Figure 6. Macro-F1 for Random Forest models trained using one hand-crafted feature family at
a time. The results are descriptive and were not used to select the primary model

Song-Grouped Learning Curves

Random Forest and XGBoost maintained high grouped-validation performance across the
training fractions (Figure 7). With 25% of the available training songs, their mean validation
macro-F1 scores were 0.9779 and 0.9712, respectively; with all available fold-training songs,
the corresponding values were 0.9835 and 0.9815. SVM increased from 0.9304 to 0.9691,
while k-NN increased from 0.8616 to 0.9125. Random Forest and XGBoost achieved a training
macro-F1 of 1.0000 at every fraction.
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Figure 7. Song-grouped learning curves for the four classifiers. Lines show mean macro-F1
across three folds and shaded regions show +1 standard deviation

Format-Control Sensitivity Analysis

On the original mixed-format auxiliary test set, XGBoost achieved an overall accuracy of
0.9993. The LP-label retention rate was 0.9413 after WAV-to-MP3 conversion, and the CD-
label retention rate was 0.9390 after MP3-to-WAYV decoding (Table 5).

Table 5. Auxiliary XGBoost format-control sensitivity analysis

Condition Class composition | Segments Reported statistic Rate

. . - CD MP3 +LP
Original files WAV 2,670 Overall accuracy 0.9993
EEPZ;AV ~ MP3 (320 LP only 818 LP-label retention (LP recall) 0.9413
EP]?Z;VHB - WAV (44.1 CD only 1,852 CD-label retention (CD recall) 0.9390

Most converted segments retained predictions associated with their original acquisition class,
suggesting that the converted signal format presented at inference was not the sole determinant
of classification. Because each converted condition contained only one class, these values
should be interpreted as label-retention rates rather than complete classification accuracies.
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Discussion

Classification Performance

The hand-crafted acoustic features clearly separated the two audio collections examined in this
study. Random Forest and XGBoost each misclassified only one test segment, and both models
correctly classified all 90 held-out songs. Because all segments belonging to a song remained
within the same partition, these results were not caused by the same song appearing in both the
training and test data. The similar performance obtained through song-grouped cross-validation
and held-out testing further indicates that the models could classify songs not used during
training.

Random Forest and XGBoost produced nearly identical results, showing that the observed
performance was not restricted to one tree-ensemble method. SVM also performed well,
although it made more errors on LP-derived recordings. Among the four models, k-NN
produced the lowest accuracy and macro-F1 score. At the song level, however, the differences
between the models were small: Random Forest and XGBoost classified all songs correctly,
while SVM and k-NN misclassified only two and four songs, respectively. Because so few
song-level predictions differed, the McNemar tests had limited power to distinguish the models
statistically. The findings therefore support the use of tree ensembles for this dataset but do not
establish that one ensemble was superior to the other.

The learning curves followed the same comparative pattern. Grouped-validation macro-F1 was
already high for Random Forest and XGBoost when 25% of the available training songs were
used and changed only modestly as the training subset increased. SVM and k-NN improved
more steadily with additional songs. The tree ensembles achieved perfect training macro-F1 at
every fraction, showing that they could fit the development subsets completely; their lower
grouped-validation scores remain the more relevant estimate of performance on unseen songs
within this collection.

Interpretation of the Acoustic Features

The feature-importance, SHAP and ablation analyses identified spectral-harmonic
characteristics as the main source of discrimination. Ultra-high-frequency energy, high-
frequency noise, spectral flatness, spectral roll-off and MFCC statistics contributed strongly to
the model predictions. The spectral-harmonic family also retained almost the entire
performance of the full feature set, reaching a macro-F1 score of 0.9978 when evaluated on its
own.

These features may represent differences in bandwidth, spectral balance, background-noise
texture, equalisation, analogue playback response or encoding. Previous studies have shown
that clicks, crackles, scratches and other disturbances in disc recordings produce measurable
spectral and temporal patterns [1]-[5]. The present results are compatible with this evidence,
although the important features cannot be attributed exclusively to vinyl artefacts.

Psychoacoustic and noise-related descriptors also provided strong discrimination. Their
contribution may partly overlap with that of the spectral-harmonic features, because measures
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such as tonality, perceived quality, spectral flatness and high-frequency noise describe related
aspects of the signal. The performance of these groups therefore suggests that differences in
spectral texture and bandwidth were important to the classifier. It does not demonstrate that
every descriptor represented a separate physical property of LP reproduction.

Stereo, transient, dynamic/compression and temporal/rhythmic features were less effective
when evaluated on their own, although they may still have contributed to the complete model
through interactions with other variables. The poor LP recall obtained from the
dynamic/compression and temporal/rhythmic groups shows that differences in signal level and
musical rhythm alone were insufficient for reliable classification. Rhythmic descriptors are also
more likely to reflect differences in musical content or genre than differences in the acquisition
medium. Stereo features showed moderate discrimination, which may have arisen from channel
correlation, playback configuration or mastering practices [29].

Limitations and Scope of the Findings

The findings should be interpreted within the design of the dataset. CD-derived recordings were
available as 320-kbps MP3 files, whereas LP-derived recordings were available as WAYV files.
Some of the observed differences in high-frequency energy and spectral characteristics may
therefore reflect encoding as well as medium- and playback-related effects.

The format-control analysis helped to examine this issue. Most LP recordings converted from
WAV to MP3 and most CD recordings decoded from MP3 to WAYV retained their original class
predictions, indicating that the file format presented at inference was not the sole basis for
classification. However, these conversions did not remove the signal changes introduced by the
original codec. The results should therefore be interpreted as sensitivity evidence rather than as
proof of complete codec independence.

The two classes also contained different songs. Song-grouped splitting prevented direct overlap
between the development and test partitions, but factors such as genre, mastering, release
period and production style could not be completely controlled [25]-[28]. These factors may
have contributed to the observed discrimination together with acquisition-related
characteristics. The strong song-level performance therefore demonstrates clear separability
within the evaluated collection, while remaining specific to the experimental conditions
considered in this study.

Implications and Future Validation

Despite these limitations, the two source classes were clearly separable within the present
dataset. The feature-family analysis and SHAP results also showed that this separation was
mainly associated with spectral-harmonic, psychoacoustic and noise-related characteristics.
This adds interpretive value to the classification results by showing which acoustic properties
contributed most strongly to the model decisions.

Such findings may be useful in practical settings such as archive organisation, source
verification and provenance assessment, particularly when the recording and transfer
conditions are similar to those represented in the training data. At the same time, broader
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validation is necessary before the observed patterns can be treated as medium-specific
characteristics.

Future studies should therefore examine CD- and LP-derived recordings under more closely
matched processing conditions and, where possible, use the same musical performances and
mastering sources. Evaluation across different playback systems, recording chains, musical
styles and independent collections would help to establish how consistently the identified
acoustic characteristics generalise beyond the present dataset.

Conclusion

This study evaluated four conventional machine learning classifiers for distinguishing CD-
derived from LP-derived music using 89 hand-crafted acoustic descriptors and song-grouped
evaluation. Random Forest and XGBoost achieved 99.96% segment-level accuracy and
classified all 90 held-out songs correctly, while SVM and k-NN also performed strongly. Exact
McNemar testing did not reveal significant song-level differences between Random Forest and
the alternative classifiers. XGBoost SHAP values, tree-importance measures and feature-
family ablation consistently identified spectral-harmonic, psychoacoustic and noise-related
properties as the principal sources of discrimination. In the auxiliary format-control analysis,
most converted LP and CD segments retained their original class predictions, suggesting that
the converted signal format presented during inference was not the sole basis for classification;
however, this analysis did not eliminate residual codec effects. The findings demonstrate the
practical separability of the evaluated acquisition classes and the value of interpretable feature-
based modelling. They do not establish a universal intrinsic difference between CD and LP
audio, because source format, repertoire, mastering and recording chain were not
independently controlled. Format-matched, content-controlled and externally validated
experiments are required before medium-specific claims can be made.
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