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Abstract

In recent years, machine learning models have been increasingly applied to spectroscopic datasets for chemical and
biomedical analysis. For their successful adoption, particularly in clinical and safety-critical settings, professionals
and researchers must be able to understand and trust the reasoning behind model predictions. However, the
inherently high dimensionality and strong collinearity of spectroscopy data not only complicate model training
but also undermine the stability and consistency of explanations, leading to fluctuations in feature importance
across repeated training runs. To address this challenge, this study proposes an explainable machine learning
pipeline that integrates feature extraction techniques, namely Sparse PCA, PLS, and MCR-ALS, with Shapley
Additive exPlanations (SHAP) for post hoc interpretation, while preserving the ability to project explanations
back into the original input space so that practitioners can relate them to underlying biological signals. The
proposed framework supports both global and local analysis, revealing the spectral bands that drive overall model
behaviour as well as the instance-specific features that influence individual predictions. To further improve
the accessibility and interpretability of these results, large language models (LLMs) are used to translate visual
explanations into concise, user-oriented textual summaries.
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1. Introduction

Spectroscopy techniques are broadly employed in the scientific and industrial domains. Techniques
such as Raman, infrared, near-infrared and nuclear magnetic resonance spectroscopy provide rich
molecular fingerprint information, enabling non-destructive and label-free analysis of samples [1]. In
recent years, the increased availability of high-resolution spectroscopy instruments has enabled the
generation of large, complex datasets [2]. Machine learning techniques have been increasingly used to
analyse and evaluate spectroscopic data for classification, regression, and anomaly detection [3].
Despite the strong predictive performance of machine learning models applied to spectroscopic data,
their adoption in high-stakes domains remains limited, particularly in medical and clinical applications.
In this high-risk field, the European Union Artificial Intelligence Act (EU Al Act) now imposes legally
binding requirements for transparency, accountability, and meaningful human oversight in Al-driven
decision-making systems [4]. At the same time, clinicians and healthcare practitioners must be able to
understand and trust the reasoning behind algorithmic predictions in order to safely integrate such
systems into clinical practice [5]. As a result, eXplainable Artificial Intelligence (XAI) has become
a fundamental requirement for the responsible deployment of machine learning models, enabling
predictions to be interpreted, validated, and justified in line with ethical and regulatory expectations.
However, achieving explainability in spectroscopic machine learning models is particularly challeng-
ing due to the intrinsic characteristics of spectroscopic data. Spectra are typically high-dimensional,
comprising hundreds of features, and exhibit strong collinearity, as adjacent wavelengths originate from
the same molecular vibrations and spectral peaks are inherently broad and overlapping [6]. As a result,
information relevant to classification is often distributed across extended spectral regions rather than
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confined to isolated peaks [7]. These properties complicate both model training and post-hoc explana-
tion: feature importance measures may become diluted across correlated variables and exhibit instability
or inconsistency across repeated training runs [8]. Consequently, standard explainability techniques,
when applied directly to raw spectroscopic features, may fail to provide reliable or physically meaningful
interpretations. Feature extraction methods, such as Principal Component Analysis (PCA) and Partial
Least Squares (PLS), are widely used in spectroscopy to project the data into a lower-dimensional space,
thereby reducing noise and collinearity. However, the resulting components often lack direct biological
meaning, which can limit the usefulness of XAI methods, as the explanations are then expressed in
terms of latent variables rather than the original spectral features.

Therefore, there is a clear need for an explainable pipeline tailored to spectroscopic data, one that
addresses the challenges of high dimensionality, strong collinearity, and distributed spectral information
while still producing explanations that are stable, consistent, and physically meaningful.

2. Related Work

Since machine learning techniques are now widely applied to spectroscopic data, and prediction in-
terpretability is required in many application domains, a growing number of explainable AI (XAI)
techniques have been employed in spectroscopy to obtain meaningful explanations. A comprehen-
sive review of existing explanatory approaches for spectroscopic signals is provided by Contreras et
al. [9]. Their review indicates that relatively few XAI studies have been specifically developed for
spectroscopy. Among the existing work, explanation methods can generally be categorized into four
groups: activation-based, perturbation-based, gradient-based, and surrogate-based approaches, as well
as various combinations of these techniques.

Rossberg et al. [10] proposed two model-specific XAl-based feature-selection methods for Raman
spectroscopy, combining CNNs with Grad-CAM and Transformers with attention-derived importance
scores. Their results showed that the CNN-Grad-CAM approach achieved the highest average accuracy,
although no single method consistently outperformed all others across every scenario. Despite this
strong predictive performance, both approaches are tied to specific model architectures, and the
selected features remain mainly individual wavenumbers, which may limit physical interpretability in
spectroscopy, where variables are highly correlated and meaningful information is often distributed
across broader spectral regions rather than isolated features.

While Contreras et al. [11] proposed a spectral-zones-based SHAP and LIME framework for deep
learning on spectral data, in which neighboring wavelengths are grouped into contiguous zones
before perturbation so that the explanations emphasize interpretable spectral regions rather than single
features. However, this strategy remains constrained by spatial adjacency: it can only group neighboring
wavelengths and therefore cannot capture correlated but non-adjacent features that may originate from
the same chemical component. As noted in the study, some biochemical signatures, such as fat-related
signals, may appear in several separate spectral regions, meaning that chemically related but spatially
distant variables are still treated independently.

Overall, these studies demonstrate that some form of feature grouping or segmentation is essential
for explaining high-dimensional spectroscopy data. However, most of the existing approaches still
rely mainly on architectural constraints or local spectral adjacency, and therefore may fail to capture
the broader correlation structure of the data. In our study, we address this limitation by applying
several feature extraction techniques to group correlated features into latent components, on which a
classifier is subsequently trained. Explanations are then generated at the component level, enabling
interpretations that are potentially more robust and meaningful than isolated feature-wise attributions.

One common approach to addressing the high dimensionality and strong inter-correlation of spectro-
scopic data is the use of Principal Component Analysis (PCA). PCA constructs new variables, known as
principal components, along directions of maximum variance in the dataset. Because these components
are orthogonal to one another, they are uncorrelated in the transformed feature space, which can make
subsequent classification and explanation more stable and reliable in machine learning workflows.



In spectroscopy, PCA has also been shown to reveal systematic variation and underlying patterns in
complex spectral datasets [12]. However, to improve interpretability, this study applies Sparse PCA,
which introduces a sparsity-inducing penalty when estimating component directions. This encourages
each component to rely on only a limited subset of features, although the resulting component directions
are not guaranteed to be orthogonal.

Another widely used technique is Partial Least Squares (PLS), which extracts latent components by
maximizing the covariance between the input features and the target variables. Unlike PCA, which is
unsupervised and focuses only on the structure of the input data, PLS is supervised and aims to identify
components that are directly relevant to the prediction task. This property makes PLS particularly
attractive when the goal is not only dimensionality reduction but also improved predictive modelling.

However, a major limitation of both PCA and PLS is that, once the original spectra are transformed
into latent components, the direct connection between the machine learning output and the original
input variables becomes less transparent. As a result, although these techniques can improve modelling
by reducing noise and collinearity, they also make it more difficult for practitioners to relate model
explanations back to specific spectral signatures. Therefore, methods that allow components or ex-
planations to be projected back onto the original spectral domain after classification are crucial for
enabling meaningful integration of explainable artificial intelligence (XAI) into spectroscopic analysis.

Multivariate Curve Resolution—Alternating Least Squares (MCR-ALS) has been applied in spectro-
scopic studies to unmix complex spectra into physically meaningful spectral profiles, as demonstrated
in [13]. In this context, model explanations may be complemented by spectral decomposition, enabling
the discriminative peaks identified by the model to be examined in relation to the chemical constituents
they may represent. In many cases, such decomposition can help resolve dominant underlying spectral
contributions. However, MCR-ALS is inherently affected by ambiguities related to model initialisation,
constraint selection, and the specified number of components, and weak or strongly overlapping con-
stituents may remain unresolved. However, as complementary evidence that can provide practitioners
with a more chemically grounded perspective on the model explanations.

3. Research Questions and Objectives

Based on the inherent challenges of spectroscopic data, we aim to address these issues by using three
feature extraction techniques to group into components, applying SHAP to quantify their contributions
to model predictions, and then back-projecting these contributions to the original spectral domain to
obtain physically meaningful explanations.

Research Question How can XAI techniques deliver explanations for spectroscopic data that are
(i) consistent across repeated model training and validation, (ii) physically meaningful with respect
to underlying spectral phenomena, and (iii) fast, human-understandable and actionable in real-world
spectroscopy settings?

Objectives This study aims to:

+ Develop an explainable machine-learning pipeline tailored to spectroscopic data by integrating
three feature extraction techniques Sparse PCA, PLS and MCR-ALS with a predictive model and
post-hoc explanation methods.

+ Define and apply evaluation metrics to quantify (i) the novel method we propose for assessing
the stability and consistency of explanations across cross-validation folds and repeated runs, and
(ii) the faithfulness of explanations to the trained model’s decision process.

« MCR-ALS is also employed as a complementary interpretability tool. In addition to extracting
component-based representations from the original spectra, it decomposes the data into un-
derlying spectral profiles, which can provide chemically interpretable insights for downstream
analysis.



+ Investigate the use of an LLM-based prompt-engineering framework to translate local and global
explanation visualizations into concise, accurate, and human-readable textual interpretations.

4. Research Plan and Methodology

To address the research question, we propose the research plan illustrated in Fig. 1. At this stage, the
study draws on two datasets: cheek-mucosa Raman spectroscopy data from [14] and DRS data from [15].
The work is organised into three packages. Package 1 concerns the development of an interpretable
machine-learning pipeline capable of generating both global and local visual explanations. This package
is mostly complete, except for the faithfulness assessment and the inclusion of comparative experiments
using PLS and MCR-ALS as alternative feature extraction techniques. Package 2 aims to compare the
explanations produced by the PLS- and Sparse PCA-based pipelines with evidence derived from MCR-
ALS decomposition. Package 3 aims to translate the visual outputs into clear, human-understandable,
and user-oriented textual interpretations. These remaining components will be pursued in future work.
The first package comprises the following steps:

1. Feature extraction: The input spectra are transformed into a set of low-dimensional components
through the application of three different feature extraction techniques, Sparse PCA, PLS, MAC-
ALS.

2. Supervised prediction: the components are used as inputs to a classifier to produce class pre-
dictions; in this work, we used Random Forest (RF) and Support Vector Classifiers (SVC) to
classify;

3. SHAP explainability: Shapley values are computed for the latent components to quantify their
contributions to the model output;

4. Back-projection and visualisation: the Shapley values’ contribution is reprojected into the original
spectra as opacity to highlight the parts of the input that are more relevant to the decision. Their
being higher or lower than the rest of the samples is driven by the component values, which give
the color red for higher and blue for lower. Combining and overlaying these two aspects onto the
original spectral shape to yield physically interpretable, feature-level explanations.

5. To assess the consistency of both global and local explanations, this study computes cosine
similarity and correlation between explanation vectors obtained from models trained on different
cross-validation folds. This quantifies how stable the explanations remain when the training
data changes across folds. To assess faithfulness which is the future work, we will perturb the
decisive components (ranked by SHAP importance) one at a time and measure the resulting
drop in classification performance or the decrease in predicted class probability. If perturbing
highly-ranked components causes a larger degradation than perturbing low-ranked ones, the
explanations are more likely to reflect features the model truly relies on.

The second package proceeds by applying MCR-ALS to the spectra after the explanations from the
Sparse PCA and PLS based models have been obtained. First, the discriminative peaks highlighted
by the models are compared with the decomposed spectral profiles to investigate the biochemical
constituents that may underlie these regions. Then, peaks that are assigned high importance in the model
explanations but are not clearly represented in the decomposed profiles are identified. These cases are
further examined as possible instances in which the predictive models rely on weak, highly overlapping,
or noise-driven spectral variations that MCR-ALS cannot reliably resolve. Given the ambiguities inherent
in MCR-ALS, including sensitivity to initialisation, constraint selection, and component number, its
outputs are used as complementary biochemical evidence rather than as definitive ground truth.

The third package proceeds by transforming the outputs of the previous packages into textual
interpretations. First, the visual explanations and decomposition results are gathered and linked across
the different stages of the framework. Then, prompt engineering is used to guide large language
models (LLMs) in generating concise, coherent, and user-oriented textual summaries. Finally, these
summaries are produced for both intermediate outputs and the final integrated explanation, thereby
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Figure 1: Overview of proposed research plan.

helping practitioners and other end users understand the combined meaning and practical significance
of the results.

5. Results and Contributions to Date

To date, for both datasets, we have obtained original-space global and local explanations using the
proposed interpretable Sparse PCA based pipeline. We also assessed explanation consistency against a
baseline that applies SHAP directly to the original spectra without Sparse PCA. The proposed pipeline
exhibits improved stability, as the component representation groups correlated spectral variables,
reducing attribution dilution and fold-to-fold variability.

Figure 2 presents the global explanation for the cheek-mucosa dataset with two classes: Healthy (H)
and Potentially Malignant Lesion (PML). The grey curve denotes the class-wise mean Raman spectrum.
Colour encodes the class-averaged, normalised principal-component (PC) values back-projected to
the original wavenumber axis, while opacity represents the class-averaged Shapley values, also back-
projected to the original space. More opaque regions indicate greater importance for the model’s
decision; red indicates higher-than-average (positive) PC values in that region, whereas blue indicates
lower-than-average (negative) values. Overall, the visualisation addresses two practically relevant
questions: which spectral regions drive the classifier, and whether those regions show increased or
decreased intensity relative to the expected baseline.

Figure 3 shows the local explanation for a cheek-mucosa instance that is correctly predicted as
PML. The grey curve corresponds to the instance’s Raman spectrum. Colour encodes the instance’s
normalised principal-component (PC) values, while opacity encodes the back-projected Shapley values,
separated into positive and negative contributions. Positive Shapley regions indicate spectral intervals
that support the PML prediction, whereas negative regions indicate intervals that oppose it. Overall, the
visualisation highlights which parts of the spectrum influence the model’s decision and clarifies whether
their influence is supportive or inhibitory for this class. Combined with the global explanation, these
local attributions enable us to assess whether the instance-level evidence aligns with the class-level
patterns.
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Figure 2: Global explanations for the binary Raman spectroscopy task (classes H and PML).
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Figure 3: Local explanation for a binary classification instance correctly predicted as PML.

Table 1
Comparison of global explanation consistency and correlation across classes for Raman spectroscopy data.
SHAPCA SHAP
Class
Consistency  Correlation Consistency Correlation
H 0.820 0.811 0.715 0.698
PML 0.842 0.835 0.759 0.747

In addition, Tables 1 and 2 summarise the reproducibility of global and local explanations for the
proposed pipeline (SHAPCA) and the baseline SHAP approach, using two complementary measures:
cosine similarity and Pearson correlation. Across both metrics and at both explanation levels, SHAPCA
consistently outperforms baseline SHAP, indicating more stable attributions across cross-validation

folds.

6. Next Research Step and Expected Final Contribution

The next stage of this research will focus on completing the remaining components of the proposed
framework and extending its evaluation. First, comparative experiments using PLS and MCR-ALS will



Table 2
Comparison of local explanation consistency and correlation for Raman spectroscopy data.

SHAPCA SHAP

Consistency  Correlation  Consistency  Correlation

Local 0.622 0.615 0.573 0.568

be completed to get the explanation from different view of feature extraction approach.

The second stage will focus on the analysis of all the explanantion we get from the first stage,
decomposed spectral profiles will be compared with the discriminative peaks identified by the Sparse
PCA and PLS based pipelines.

A further direction of this work is the development of Package 3, which aims to translate the outputs
of the framework into concise, coherent, and user-oriented textual interpretations.

More broadly, this research is expected to contribute an explainable spectroscopy analysis framework
that improves the stability of feature attributions under high dimensionality and strong collinearity
through the use of different feature extraction techniques, while also bridging the gap between latent
space machine-learning explanations and original feature level biochemical interpretation through
explanation back-projection, spectral decomposition, and language-based summarisation. The study
therefore aims to advance a more comprehensive and practitioner-oriented approach to explainable
artificial intelligence in spectroscopy. In the longer term, this framework could promote greater
transparency, trust, and usability of machine-learning models in biomedical and chemical applications,
particularly in settings where interpretability is critical.
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