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Abstract 

Proteins with additives, especially in small quantities, are of great interest as a subject of a study. 
Machine learning approaches implemented to Raman spectroscopy data could provide an insight 
into chemical structure of such mixtures or conjugates. Although, decision tree model could be 
powerful in solving either classification or regression task and could provide accessible predictions, 
it is prone to overfitting. Ensemble models that implement several decision trees could overcome the 
determined problem. Five different model types are discussed: RandomForest, GradientBoosting, 
AdaBoost, Voting, and Stacking. Raman spectroscopy data of whey protein isolate (5 wt. %) with 
different amounts of hyaluronic acid (0, 0.1, 0.25, and 0.5 wt. %) were used as datasets. Optimization 
established that ensembles of 200 decision trees with a maximum depth of four were optimal. 
AdaBoostClassifier found to be the most efficient in finding differences between whey protein isolate 
and its conjugates with hyaluronic acid: 99.5% accuracy, 100% sensitivity, and 98.0% specificity. 
Stacking of RandomForest, GradientBoosting, and AdaBoost regressors with final estimator of 
RidgeCV was the most effective approach in the regression task (R2 = 0.963). According to the feature 
importance plots, the Raman bands that were most influential in predicting the results were 1003 cm-

1 (phenylalanine, ring breath), 1206 cm-1 (C–C stretching), 1240 cm-1 (amide III (β-sheet), N−H in-plane 
bend, C−N stretch), and 1399 cm-1 (aspartic and glutamic acids, C=O stretch of COO−).  

Keywords: Raman spectroscopy; machine learning; ensemble models; whey protein isolate; 
hyaluronic acid 
 

1. Introduction 

Multicomponent mixtures containing biological active substances are of great importance in the 
fields of pharmaceuticals, food industry, biotechnology, and tissue regeneration [1–3]. However, the 
analysis of these substances is difficult due to the low concentration of target components, complex 
matrix structures and the need for sensitive methods. This is particularly relevant when studying the 
interaction between macromolecules and the formation, for instance, of complexes and conjugates. 
Therefore, the development of new methods for detecting and assessing trace substances in these 
systems remains crucial.  

Raman spectroscopy offers an excellent opportunity to investigate the chemical composition and 
structure of substances [4–7]. This has several advantages, such as being non-destructive and highly 
responsive to structural modifications. Various samples, including biological molecules, polymers, 
and pharmaceuticals can be examined using this technique [8–11]. Complex mixtures, 
macromolecule interactions, and massive data require the use of machine learning methods for 
analysis. If only slight variations are present in the Raman spectrum, these methods are highly 
advantageous.  
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Decision trees (DT) are a type of machine learning model that can be used to solve both 
classification and regression problems [12,13]. They provide a human-readable explanation of the 
reasoning behind the decision made, making them a valuable tool for understanding complex data. 
However, this estimator can potentially lead to overfitting of the training data. Therefore, the use of 
multiple DT in a single ensemble can help to overcome these limitations. Several estimators can be 
used either in parallel (bootstrap aggregating algorithms) or in sequence (boosting algorithms). 
Random forest (RF) is a special case of bootstrap aggregating algorithms in which DT are 
implemented as estimators [12–16]. The final prediction is made by either majority voting in solving 
a classification problem, or by averaging predictions in solving a regression problem. Gradient 
boosting (GB) is a method that involves fitting each individual estimator to the residual errors in a 
sequential manner [17–19]. AdaBoost (AB) algorithm involves sequential adjusting the weights of 
samples based on their level of inaccuracy [20,21]. Voting algorithm is more generalized approach in 
machine learning as models of different origin can be united into a single ensemble [22]. In the 
stacking algorithm, the predictions from each individual estimator are combined and used as input 
for a final estimator in order to produce the final prediction [23]. This final estimator is trained 
through cross-validation. 

One of the most challenging tasks when employing Raman spectroscopy in conjunction with 
advanced machine learning techniques is the investigation of proteins. The incorporation of 
contaminants, particularly in small quantities, into protein formulations can have both beneficial and 
detrimental consequences. The latter category, in particular, encompasses substances such as 
melamine [24,25] and urea [26], which are added to milk, infant formula, and feed to artificially inflate 
the ʺpseudo-proteinʺ metrics [27,28]. Additionally, there is the practice of ʺamino acid adulterationʺ, 
which involves the addition of inexpensive amino acids to manipulate the outcomes of food protein 
analyses [29]. To more precisely identify hazardous additives, it is essential to develop novel methods 
for analyzing and detecting contaminants. 

The addition of impurities to proteins can also provide positive properties to the final material. 
Hyaluronic acid (HA) is an important biopolymer, widely used in medicine and cosmetology due to 
its unique properties such as moisturizing and tissue regeneration [30–33]. Adding a small amount 
of hyaluronic acid to a whey protein isolate can significantly improve its properties without greatly 
increasing the cost. This property is especially valuable when creating targeted drug delivery 
systems. The use of the WPI+HA complex as a stabilizing agent instead of WPI can significantly 
increase the service life of microcarriers that are produced using it [34].  

In this work, mixtures of whey protein isolate (WPI, 5 wt. %) with the addition of hyaluronic 
acid in various concentrations (0, 0.1, 0.25 and 0.5 wt%) are investigated. The aim of this research is 
to compare the performance of different ensemble machine learning models, including RF, GB, AB, 
voting and stacking, when applied to spectroscopic data in solving both classification and regression 
tasks. The findings of this study may contribute to the development of novel methods for quality 
control and analysis of complex multi-component systems in various industrial settings. 

2. Materials and Methods 

2.1. Materials 

The whey protein isolate (WPI) was purchased from California Gold Nutrition® (Irvine, CA, 
USA). Sodium salt of hyaluronic acid (HA, purity of 99%, 404 Mw) was obtained from Macklin 
Biochemical Co., Ltd. (Shanghai, China). Sodium chloride was purchased in Sigma Aldrich (St. Louis, 
MO, USA). The deionized water (Millipore Milli-Q, resistance of 18.2 MΩ·cm−1) was utilized during 
all sets of experiments. 

2.2. Sample Preparation 

WPI solution (10 wt.% in 0.15 M NaCl), and HA solutions (0.2 wt. %, 0.5 wt. %, and 1 wt.% in 
0.15 M NaCl) were used in all experiments. In order to prepare WPI+HA conjugates, equal volumes 
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of WPI and HA solutions were mixed and shaken for 30 min at 22 °C. The resulting compositions 
were as follows: WPI + 0.1% HA (5 wt. % : 0.1 wt. %, 50:1 ratio), WPI + 0.25% HA (5 wt. % : 0.25 wt. 
%, 20:1 ratio), WPI + 0.5% HA (5 wt. % : 0.5 wt. %, 10:1 ratio). The WPI+HA conjugates obtained were 
washed to remove the free HA by dialysis against saline for 3 days at 4 °C. Initial WPI mixed with 
0.15 M NaCl in equal volumes was used as control WPI sample (5 wt. %). 

2.3. Raman Data Acquisition 

WPI and WPI+HA samples were placed on a quartz substrate (10 µL per sample). Raman 
measurements were performed after sample drying and forming a thin film without any coffee ring 
effect. Renishaw inVia spectrometer (Renishaw, Wotton-under-Edge, UK) with 532 nm laser focused 
through 50×/0.5 N.A. objective was used for data collection. Raman maps (20×30 spectra with 2 µm 
step) were collected from each sample. 

2.4. Data Analysis 

All Raman spectra were collected using Renishaw WiRE v. 4.2 software (Renishaw, UK). The 
Subtract Baseline tool of Renishaw WiRE software was implemented to remove background using 
eleven-degree polynomial. Further data processing was performed in Jupyter Notebook environment 
with Python 3. 

Data import was carried out with renishawWiRE v. 0.1.16 library [35]. All machine learning 
approaches were conducted with sci-kit learn (sklearn) v. 1.7.2 library [36]. As the last preprocessing 
step, Raman spectra were normalized be the l2-norm using sklearn.preprocessing.normalize. All 
collected Raman spectra were split into train and test datasets in 3:1 ratio with 
sklearn.model_selection.train_test_split. There were two classes in classification task, WPI (600 
spectra) and WPI+HA (1800 spectra). HA amount (0%, 0.1%, 0.25%, and 0.5%) was used as target 
value in the regression task. Model optimization in a sense of number of DT and maximum depth of 
each DT (n_estimators and max_depth parameters, respectively) was performed for RF, GB, and AB 
classifiers using sklearn.model_selection.GridSearchCV with 3-fold cross-validation and accuracy as 
metric. All discussed models were implemented using sklearn.ensemble. The accuracy_score, 
confusion_matrix (classification models), r2_score (regression models) metrics from sklearn were 
used to evaluate the performance of models. 

3. Results and Discussion 

In order to analyze the impact of HA addition onto chemical structure of WPI, three different 
conjugate compositions were prepared: WPI + 0.1% HA (5 wt. % : 0.1 wt. %, 50:1 ratio), WPI + 0.25% 
HA (5 wt. % : 0.25 wt. %, 20:1 ratio), WPI + 0.5% HA (5 wt. % : 0.5 wt. %, 10:1 ratio). Raman maps 
(20×30, 600 single spectra) were recorded for each WPI + HA conjugate as well as pure WPI (5 wt. %). 
The results of Raman spectroscopy are shown on Figure 1. All Raman bands of WPI are indicated 
with grey dotted lines (Figure 1a). 

There were only two Raman bands on difference spectrum (Figure 1a), on which the impact of 
HA addition can be noted, namely 756 and 1003 cm-1. However, upon closer examination, the 
dependence of normalized intensity of 756 cm-1 on HA amount is not linear (Figure 1b). Normalized 
intensities of Raman bands marked on Figure 1a are shown on Figure 1b. Raman band assignments 
are indicated in Table 1. 

Conventional approach in analysis of Raman spectra (both by spectrum of difference and 
dependences of intensities on HA amount) has not provided a sufficient answer on which chemical 
bonds of WPI changed the most upon HA addition and whether it is possible to reliably differentiate 
between WPI and WPI + HA. The latter can be crucial not only in the discussed conjugates but 
considering wider issues of mixtures with small amounts of additives. To improve the analysis, the 
ensemble models based on DT were implemented. Previously, RF, GB, and AB models were 
discussed [37,38]. In all of these models, DT were used as individual estimators combined into 
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ensemble. As current work is dedicated to thorough analysis of implementation of ensemble models 
to Raman spectroscopy data, voting and stacking models would also be discussed. To obtain higher 
performance of models, number of DT in ensemble (n_estimators) and maximum depth of each DT 
(max_depth) had been optimized using cross-validation via GridSearchCV [39,40] with accuracy as 
metric. Train dataset was divided into three subsets for cross-validation. Model metrics are shown 
on Figure 2. Summary (red line) indicates average metrics of RF, GB, and AB models. 

 
Figure 1. Raman spectroscopy data on WPI and WPI + n% HA (n = 0.1, 0.25, 0.5). (a) Average spectra of WPI (600 
spectra) and WPI + HA (600 spectra per HA amount; 1800 spectra overall). Raman bands of WPI marked with 
grey dotted lines. Spectrum of difference was magnified by 5 for clarity. (b) Dependence of Raman band 
normalized intensities on HA amount (mean ± standard deviation). 

Table 1. Raman bands of WPI with their assignments [34,41,42]. 

Wavenumber, cm-1 Assignment 
756, 880, 1359 Tryptophan, indole ring 

830, 855 Tyrosine, Fermi resonance between ring fundamental and 
overtone 

1003 Phenylalanine, ring breath  
1206 C–C stretching 
1240 Amide III (β-sheet), N−H in-plane bend, C−N stretch 
1399 Aspartic and glutamic acids, C=O stretch of COO− 

1450, 1465 Aliphatic residues, C–H bending 
1552 Tyrosine, ring stretching 
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1667 Amide I, amide C=O stretch, N–H wag 

 

Figure 2. Accuracies of RF, GB, AB models on maximum depth (max_depth) and number of DT (n_estimators). 
Summary represents average metrics of RF, GB, AB models. Mean values and standard deviations were 
calculated in cross-validation (n = 3). Horizontal grey dotted line indicates accuracy = 0.95. 

According to summary, max_depth parameter should be greater than 3 as average accuracies 
became greater than 0.95. Accuracies (mean and standard deviation values) for models with 
max_depth greater than 3 are shown in Table S1 (Supplementary information). Evaluating the 
performances of models with different parameters, the best parameters were found to be 4 for 
max_depth and 200 for n_estimators. These parameters were further used in training other 
classification and regression models.  

Six different classification models were compared: RF, GB, AB, Voting (hard), Voting (soft), and 
Stacking. In both Voting models, RF, GB, and AB were used as estimators, majority prognosis was 
implied in hard version and average of class probabilities was used in soft version. In Stacking, 
predictions of RF, GB, and AB were used as input data to logistic regressor, which was applied as 
final estimator in the ensemble. The following metrics were calculated to evaluate the performance 
of each model: confusion matrix, accuracy, sensitivity, and specificity. The results of classification of 
WPI and WPI + HA Raman data are shown on Figures 3 and S1 and in Table 2. 

Classification models based on DT (namely, RF, GB, and AB) can also provide information on 
importance of features. As intensities at different wavenumbers are considered as features in the 
analysis, this information can be visualized in the same wavenumber range as the Raman spectra 
being analyzed (Figure S1). The classification model developed using the RF algorithm was 
determined to be less precise and less specified than the other models that were evaluated. Although 
WPI + HA spectra were correctly labeled by the RF model in 100% of the test dataset, 41.3% of the 
WPI spectra in the test dataset were also considered to be WPI + HA by the RF. Presumably, the lack 
of specificity observed could be due to the different sizes of the WPI and WPI + HA datasets used 
(600 and 1800 spectra, respectively). Only wavenumbers with an importance to the analysis greater 
than 1% were considered valuable and were noted. (Figures 3 and S1). The most important for RF, 
GB, and AB analyses were found to be 1003 cm-1 (ring breath of phenylalanine), 1206 cm-1 (C–C 
stretching), and 1399 cm-1 (aspartic and glutamic acids, C=O stretch of COO−). Most classification 
models, with the exception of RF, have demonstrated accuracies greater than 98%. Overall, the AB 
model performed best out of all the models considered for binary classification tasks. 

Although samples WPI could be distinguished from WPI + HA using classification models fitted 
to Raman spectroscopy data, other tasks remained equally important. Consequently, the possibility 
of creating regression models that could be used on the same dataset was also investigated. Five 
different regression model have been implemented, namely, RF, GB, AB, Voting, and Stacking. The 
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additional model optimization had not been performed, the trained RF, GB, and AB regression 
models consisted of 200 DT with max_depth equal to 4. Similarly to classification task, Voting 
regressor generated the final prediction by averaging RF, GB, AB results. In Stacking regressor, Ridge 
model with cross-validation utilized RF, GB, AB prognoses as inputs. In the constructed regression 
task, the amount of HA in WPI + HA samples (0, 0.1, 0.25, and 0.5 wt. %) was used as target value. 
The results of solving the regression task are demonstrated on Figures 4 and S2. In order to evaluate 
the performance of each model, R2 (determination coefficient) metric was applied. 

 

Figure 3. (a) Confusion matrices of each classifier, test dataset consists of 150 spectra of WPI and 450 spectra of 
WPI + HA (150 spectra per each HA amount: 0.1, 0.25, and 0.5 wt.%). (b) Mean feature importances of RF, GB, 
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and AB. Wavenumbers with importance greater than 1% are marked with vertical grey lines. (c) Normalized 
mean spectra of WPI and WPI + HA. 

Table 2. Metrics of classification models. 

Model\ 
metric RF GB AB 

Voting 
(hard) 

Voting 
(soft) Stacking 

Accuracy 0.897 0.988 0.995 0.992 0.990 0.988 
Sensitivity 1.000 0.993 1.000 0.998 0.996 0.993 
Specificity 0.587 0.973 0.980 0.973 0.973 0.973 

 

Figure 4. (a) Linear regression plots between true and predicted HA amounts calculated for test dataset (150 
spectra per HA amount). Corresponding regression equations with R2 values are indicated for each regression 
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model. (b) Mean feature importances of RF, GB, and AB. Wavenumbers with importance greater than 1% are 
marked with vertical grey lines. (c) Normalized mean spectra of WPI, WPI + 0.1% HA, WPI + 0.25% HA, WPI + 
0.5% HA. 

According to feature importance plots, the wavenumbers with most impact on the regression 
models were found to be 1003 cm-1 (phenylalanine, ring breath), 1206 cm-1 (C–C stretching), 1240 cm-

1 (amide III (β-sheet), N−H in-plane bend, C−N stretch), and 1399 cm-1 (aspartic and glutamic acids, 
C=O stretch of COO−) (Figure S2). In most of regression models discussed, all four spectra groups 
were clearly distinguishable. However, the best regression model for the discussed dataset was found 
to be Stacking regressor (R2 = 0.963). 

4. Conclusions 

A thorough analysis of the implementation of ensemble models in Raman spectroscopy data 
was performed. The dataset consisted of WPI (5 wt. %), WPI + 0.1% HA (5 wt. % : 0.1 wt. %, 50:1 
ratio), WPI + 0.25% HA (5 wt. % : 0.25 wt. %, 20:1 ratio), WPI + 0.5% HA (5 wt. % : 0.5 wt. %, 10:1 ratio) 
Raman spectra (600 spectra per sample type).  

Classification models were used to answer the question of whether it is possible to detect 
differences between pure protein (WPI) and its conjugate with polysaccharide (WPI + HA). Prior to 
solving, Random Forest, Gradient Boosting, AdaBoost models were optimized in number of decision 
trees utilized and maximum depth of each decision tree. The optimal parameters were evaluated 
using grid search with cross-validation, and found to be 200 decision trees with maximum depth of 
4. Out of six discussed models, namely Random Forest, Gradient Boosting, AdaBoost, Voting soft 
and hard, and Stacking, AdaBoost performed the best with overall accuracy of 99.5%, specificity of 
98% and sensitivity of 100%. Moreover, RF, GB, and AB models provided additional information on 
the Raman bands of most importance in obtained predictions: 1003 cm-1 (ring breath of 
phenylalanine), 1206 cm-1 (C–C stretching), and 1399 cm-1 (aspartic and glutamic acids, C=O stretch 
of COO−). 

Regression models were implemented not only to distinguish between Raman spectra of protein 
and its conjugate, but also to specifically determine HA amount. The best model in solving regression 
task was found to be Stacking regressor, which utilized Ridge model with cross-validation and RF, 
GB, and AB predictions as inputs. The determination coefficient of this model was found to be 0.963. 
RF, GB, and AB regression models had also determined additional important in analysis Raman band 
at 1240 cm-1 (amide III (β-sheet), N−H in-plane bend, C−N stretch).  

Implementation of ensemble models in analysis of Raman spectroscopy could be perceived as 
an intermediate solution between classical machine learning and neural networks. The training 
process of such models is less time consuming; however, the obtained performance is quite high. The 
discussed approach could be implemented to analyses of various Raman spectroscopy data.  

Supplementary Materials: The following supporting information can be downloaded at: 
https://www.mdpi.com/article/doi/s1, Table S1: Accuracies across 3 cross-validations of RF, GB, and AB models 
with different number of DT (n_estimators) and maximum depth of each DT (max_depth); Figure S1: Feature 
importances of RF, GB, and AB classification models (black plots). Wavenumbers with importance greater than 
1% are marked with vertical grey lines. Normalized mean spectra of WPI (blue line) and WPI+HA (orange line); 
Figure S2: Feature importances of RF, GB, and AB regression models (black plots). Wavenumbers with 
importance greater than 1% are marked with vertical grey lines. Normalized mean spectra of WPI (blue line), 
WPI + 0.1% HA (orange line), WPI + 0.25% HA (green line), WPI + 0.5% HA (red line). 
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