
 
  Original Research Article 
  Peer Reviewed Conference Proceeding 

ESCAPE 36 - European Symposium on Computer Aided Process Engineering 
Sheffield, UK. 21-24 June 2026 

https://doi.org/10.69997/sct.116000  Syst Control Trans 5:1205-1211 (2026) 1205 

Addressing Matrix Effects Through A Physical Prior-
Informed Calibration Model For Quantitative Analysis 
Onur C. Boya, Ulderico Di Caprioa, Idelfonso Nogueirab and M. Enis Leblebicia* 
a Center for Industrial Process Technology, Department of Chemical Engineering, KU Leuven, Agoralaan Building B, Diepenbeek, 
Belgium 
b Department of Chemical Engineering, Norwegian University of Science and Technology, Gløshaugen, Trondheim, Norway 
* Corresponding Author: muminenis.leblebici@kuleuven.be  

ABSTRACT 
Building a robust calibration curve is essential for accurate quantification of multicomponent mix-
tures. Matrix effects can distort the proportional relationship between the analyte concentration 
and instrumental response. In addition, classical machine learning models do not inherently incor-
porate simple physical constraints, such as the requirement that a zero response must correspond 
to a zero concentration, which can result in non-zero predictions. To address this limitations, prior-
induced calibration models were proposed that inherently embed this physical constraint into the 
model architecture. A dataset was generated for ethanol electrooxidation products using head-
space gas-chromatography-mass spectrometry (HS-GC-MS). Multiple linear regression (MLR), 
polynomial regression and artificial neural network (ANN) models were trained to investigate the 
effects of model complexity and the incorporation of physical information on predictive perfor-
mance. Model selection and complexity were assessed using Akaike Information Criterion (AIC) 
and Bayesian Information Criterion (BIC). The prior-induced polynomial regression model achieved 
improved predictive accuracy while maintaining low model complexity, whereas the ANN provided 
comparable accuracy but was strongly penalized due to its substantially higher complexity. 

Keywords: Matrix effects, Calibration curve, Polynomial regression, Artificial neural network, Ethanol elec-
trooxidation, Chemometrics 

INTRODUCTION 
Accurate quantification of individual species in mul-

ticomponent mixtures is essential for reliable chemical 
analysis, process monitoring and optimization of operat-
ing parameters on selectivity and conversion, which is 
critical for both batch studies and reactor design. Matrix 
effects and competitive partitioning among analytes 
complicate accurate quantification by altering the linear 
relationship between the analyte concentration and the 
response [1]. In such systems, the measured peak area is 
not solely proportional to the analyte concentration but is 
also influenced by the concentrations of the co-existing 
components, since each composition defines a new va-
por–liquid equilibrium governed by non-ideal intermolec-
ular interactions. To overcome this, an appropriate cali-
bration model is required to accurately resolve the con-
centration of each component [2]. A calibration curve is 
a regression model between the known concentrations 

of analytes and its response obtained from an analytical 
instrument, which allows the prediction of the concentra-
tion of an unknown mixture [3].  

Matrix effects have been addressed using calibra-
tion models, including linear and non-linear models such 
as MLR, principal component analysis, partial least 
squares (PLS), and ANNs [4]. Veiga-del-Baño et al. built 
LC–MS/MS and GC–MS/MS calibration models using lin-
ear, weighted linear, and polynomial regression, and re-
ported that the weighted linear model had the best per-
formance compared the other models [5]. Also, to iden-
tify adequate calibration models, Chen et al. investigated 
six different linear and non-linear calibration equations 
and reported that most real calibration curves exhibit 
measurable non-linearity, with non-linear models often 
outperforming linear models in terms of fitting and pre-
diction [6]. Matrix effects were addressed by developing 
a calibration curve using PLS model to quantify volatile 
compounds in wine, where single internal standard 
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calibration failed to correct matrix effects [7]. Campmajó 
et al. used PLS to quantify peanut and hazelnut adultera-
tion in almond products with prediction errors below 6.1% 
and no observable matrix effects [8]. Brusamarello et al. 
compared PLS and ANN models on UV–Vis spectra for 
soybean biodiesel quantification, finding that the ANN 
model achieved higher predictive accuracy for complex 
reaction mixtures [9]. Gholivand et al. addressed strong 
serum matrix effects in voltammetric analysis by calibrat-
ing PLS models in blank serum and applying baseline and 
alignment corrections, allowing reliable simultaneous de-
termination of five electroactive alkaloids [10]. 

Classical machine learning algorithms cannot inher-
ently incorporate simple physical constraints, such as the 
condition that in the absence of a given species, the cor-
responding peak area should be zero. As a result, such 
models may produce non-zero predictions even when 
the input peak area is zero. This issue can be addressed 
by applying a rule-based correction layer that forces the 
output to zero whenever the input value is zero or by ma-
nipulating the dataset by augmenting the training dataset 
with zero-concentration samples, however, this could in-
troduce bias into the model. Alternatively, the model can 
be designed to inherently learn this constraint. In this 
case, the model cannot violate the physical boundary 
condition, as the physical information is enforced by de-
sign. Moreover, embedding this constraint reduces the 
effective model complexity and improves robustness 
near the detection limit. 

This work aims to develop an data-driven calibration 
model for quantification of ethanol oxidation products 
while capturing the nonlinear relationships arising from 
matrix effects. The model also incorporates a simple 
physical prior: the principle that a zero peak area corre-
sponds to zero concentration to increase prediction ac-
curacy further. There are two models proposed: Prior-in-
formed polynomial regression and prior-informed 
branched ANN model. The predictive performances of 
these models are compared with those of MLR, polyno-
mial regression, and feed forward ANN. The model com-
plexities are assessed using AIC and BIC.  

METHODOLOGY 

Chemicals 
Ethanol (>99%) was purchased from Fisher Scien-

tific (Hampton, NH, USA). Acetaldehyde (>99.5%), acetic 
acid (>99.9%), ethyl acetate (>99.7%), and 1-propanol 
(>99.9%) were obtained from Sigma-Aldrich (St. Louis, 
MO, USA). All chemicals were of analytical grade and 
used as received without further purification. Ultrapure 
water (resistivity ≥18.2 MΩ·cm) was used for all solution 
preparations 

Method 

Headspace gas chromatography–mass spectrome-
try (HS–GC–MS) was utilized to generate a dataset of 
standard solutions. Analyses were performed using an 
Agilent 8890 GC coupled to a 5977C MS and an 8697 HS. 
Chromatographic separation was achieved using an Ag-
ilent J&W HP-5 capillary column (30 m × 0.25 mm × 0.50 
µm). Helium was used as the carrier gas at a constant 
flow rate of 2 mL min⁻¹. The GC inlet temperature was set 
to 250 °C, and a split injection mode with a split ratio of 
100:1 was applied. The oven temperature was maintained 
isothermally at 35 °C for 5 min, which was sufficient to 
achieve complete elution and baseline separation of all 
target compounds. Headspace conditions were set to 70 
°C for the oven, 80 °C for the loop, and 90 °C for the 
transfer line. Samples were equilibrated in the headspace 
oven for 10 min prior to injection, and the injection dura-
tion was 0.5 min. The mass spectrometer was operated 
in electron impact (EI) ionization mode at an ionization 
energy of 70 eV. The source and quadruple temperatures 
were set to 230 °C and 150 °C, respectively. Initial 
method development and peak identification were car-
ried out in full-scan mode (m/z 30–80) to verify peak 
identity and chromatographic separation. Subsequently, 
selected ion monitoring (SIM) mode was employed to im-
prove sensitivity and quantitative performance. The 
monitored ions and corresponding retention time win-
dows for each analyte are summarized in Table 1:  

Table 1: Retention time windows and quantifier m/z val-
ues used for SIM mode for each component.  

Component Time Segments m/z 
Acetaldehyde -  
Ethanol -  
-propanol -  
Ethyl acetate -  

Sample preparation & data acquisition 
Standard mixtures were prepared to generate cali-

bration and simulated reaction datasets. All solutions 
were transferred into 20 mL headspace vials and salted 
with 3.20 g of sodium chloride per vial to enhance analyte 
partitioning into the headspace. The vials were immedi-
ately sealed with Teflon/silicone crimp caps prior to anal-
ysis. Standard mixtures containing 1-propanol as an in-
ternal standard (IS) were prepared, with individual ana-
lyte concentrations varied between 50 and 1000 mg L⁻¹ 
across four concentration levels. A full factorial experi-
mental design was employed to generate all possible 
combinations of species. For each combination, four cal-
ibration standards were prepared. The concentration 
range was divided into four equal intervals, and Latin hy-
percube sampling was used to assign one concentration 
value from each interval to every species present in a 
given mixture. The sampled concentration values were 
rounded for accurate and practical pipetting. Solutions 
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containing only acetic acid were excluded from the HS–
GC–MS dataset. Due to its significantly lower volatility, 
acetic acid was quantified separately using ion chroma-
tography (IC), as acetic acid is the only ionic species 
among the target analytes. Nevertheless, acetic acid was 
included in all standard mixtures, as its presence can in-
fluence vapor–liquid equilibrium and thereby affect the 
headspace partitioning behavior of the volatile compo-
nents. For mixtures containing all analytes, simulated 
electrooxidation samples were generated by assuming a 
representative bioethanol feed concentration of approx-
imately 2 M. Random selectivities toward products were 
applied, which yielded 12 simulated electrooxidation 
samples and a total of 64 calibration samples. The peak 
area of each analyte was extracted and normalized to the 
peak area of the internal standard. These normalized 
peak areas were used as input variables for model train-
ing, while the corresponding known concentrations 
served as output variables. 

Model Development 
To analyze the effects of increasing model complex-

ity and prior-induced model architectures on prediction 
accuracy and model training, 5 different models were 
trained: MLR, polynomial regression, ANN, prior-induced 
polynomial regression, and prior-induced branched ANN. 
The MLR model was used as the baseline for comparison 
with the more complex models. Polynomial regression 
and ANN models were also included to enable direct 
comparison with the prior-induced models. All models 
were evaluated using 5-fold cross-validation, and MAE 
and RMSE were used as metrics to compare predictive 
performance. Model complexities were additionally as-
sessed using the AIC an BIC.  

Baseline calibration models 
MLR model was employed as a baseline model due 

to its simplicity, interpretability, and widespread use in 
chemometrics. The MLR model is expressed as:  

𝑦𝑦̂ = 𝐗𝐗𝛽𝛽     (1) 

Where 𝑦𝑦 ̂denotes the predicted output vector, 𝐗𝐗 is 
the input matrix, 𝛽𝛽 is the regression coefficients. Polyno-
mial regression and ANN models were also developed to 
consider potential nonlinear relationships between nor-
malized areas and analyte concentrations, and for com-
parison with the proposed prior-induced models. Polyno-
mial model extends the linear model by applying a poly-
nomial feature expansion 𝚽𝚽(. ) of a degree 2:  

𝑦𝑦̂ = 𝚽𝚽(𝐗𝐗)T 𝛽𝛽     (2) 

Despite the nonlinear transformation of the inputs, 
the model is still linear with respect to the parameters, 𝛽𝛽. 
ANNs were used as a flexible nonlinear models capable 
of capturing complex interactions among variables. The 

general expression for a feedforward ANN with 𝐿𝐿 layers 
is given by:  

𝑦𝑦̂ = 𝑾𝑾�𝜎𝜎�−1�𝑾𝑾�−1𝜎𝜎�−2�…𝜎𝜎1(𝑾𝑾1𝐗𝐗)��  (3) 

Where 𝑾𝑾� represents the weight matrices (including 
bias terms) of layer 𝐿𝐿,𝜎𝜎� denotes the activation function 
of the corresponding layer.  

Linear and polynomial regression models were im-
plemented using the scikit-learn library (version 1.7.2), 
while prior-induced polynomial regression and ANN mod-
els were developed using PyTorch (version 2.5.1) in Py-
thon. All models were trained and evaluated using 5-fold 
cross-validation to ensure robust performance assess-
ment. For all models, normalized peak areas were used 
as input variables, yielding a total of 3 input features. 
Each model predicts 3 outputs, corresponding to the 
concentrations of the respective species. All input and 
output variables were normalized in the range 0-1. ANN 
training employed the mean squared error (MSE) as the 
loss function. Hyperparameters of the ANN models were 
selected using a manual exploration strategy to identify 
an optimized network architecture and training configu-
ration considering dataset size. For this, a nested cross-
validation strategy was adopted, where hyperparameter 
optimization was conducted using an additional 5-fold 
cross-validation within the training set of each k-fold. 
The activation functions evaluated included the rectified 
linear unit (ReLU) and the hyperbolic tangent (tanh). The 
number of hidden layers was varied between 1 and 3, and 
the number of neurons per layer ranged from 3 to 36. 
Model training was performed using the Adam optimizer, 
with learning rates manually explored in the range of 10-4 
and 10-2. Xavier weight initialization were applied to en-
hance training stability and convergence. 

 
Figure 1. Physical prior-induced polynomial regression 
workflow. 
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Integration of physical prior 
The prior-induced polynomial regression model was 

implemented in PyTorch using 3 input layers in the input 
layer. Polynomial feature expansion was applied to the 
inputs in the first layer. This layer was followed by the 
formation of intermediate terms. Then, these intermedi-
ate terms were multiplied with the input layer and linearly 
mapped to the output layer, yielding the final outputs. 
The resulting architecture is visualized in the Figure 1. 
Model training was performed using the MSE loss func-
tion and the Adam optimizer, with a fixed learning rate of 
10-3. 

The ANN model was constructed following a similar 
prior-integration strategy, in which the original input var-
iables were multiplied with the intermediate terms. To 
make ANN specialized for each of the output, the ANN 
architecture was partitioned into 3 separate sub-
branches, each corresponding to an individual output. 
The model incorporates a shared base layer to capture 
common features across all outputs, followed by dedi-
cated branch layers, which aims output-wise refinement 
and increased predictive performance. This branched 
ANN architecture, which balanced the shared information 
and output-specific modelling with an incorporation of 
physical prior is illustrated in the Figure 2.  

 
Figure 2. Physical prior-induced sub-branched ANN 
model.  

Model Evaluation Criteria  
AIC and BIC are widely used model selection criteria 

in machine learning that balances goodness of fit against 
model complexity. The two criteria differ in the way 
model complexity is penalized. In this study, both metrics 
were used to evaluate the proposed models in order to 
avoid selection of unnecessarily complex calibration 
models. For regression models, AIC is [11]: 

𝐴𝐴𝐴𝐴𝐴𝐴 = 𝑛𝑛 ∙ ln����
�
�+ 2𝑘𝑘   (1) 

Where 𝑛𝑛 is the total number of data points used for 
fitting, and 𝑘𝑘 is the number of parameters, which penal-
izes the model complexity. The first term in the equation 
indicates goodness of fit, and 𝑅𝑅𝑅𝑅𝑅𝑅 is the residual sum of 
squares, and calculated across all components since 
there are 3 outputs: 

𝑅𝑅𝑅𝑅𝑅𝑅 = ∑ ∑ �𝑦𝑦�� − 𝑦𝑦�̂��
23

�=1
�
�=1    (2) 

In this case, AIC is calculated fold-wise and average 
of the 5-fold is reported to compare the models.  

BIC is derived from Bayesian probability theory, and 
used for model selection [12]. It balances likelihood with 
a sample-size penalty. Like AIC, the first term evaluates 
the goodness of fit. BIC penalizes the number of param-
eters more strongly than AIC with the multiplication of 
ln (𝑛𝑛) in the second term, which promotes simpler mod-
els.  

𝐵𝐵𝐵𝐵𝐵𝐵 = 𝑛𝑛 ∙ ln����
�
�+ 𝑘𝑘 ∙ ln (𝑛𝑛)   (3) 

For ANNs, BIC strictly limits the number of variables 
and favors linear models like polynomial regression with 
a low degree. 

RESULTS & DISCUSSION 
Figure 3 shows the relationship between concentra-

tion and the response behaviour of each analyte, where 
the primary y-axis is normalized area and the secondary 
y-axis corresponds to the raw peak area. The application 
of an internal standard has a very clear effect mitigating 
fluctuations between injections and instrumental variabil-
ity, and improves stability and robustness significantly. 
However, Figure 3 also reveals that application of internal 
standard is not sufficient to explain relation with a per-
fectly linear trend, as there is still noticeable response 
variability. 

Baseline Model Performance 
Averaged over 5-fold cross-validation, MLR model 

yields a component-wise MAE and RMSE values of 29.26 
and 35.40 for ethanol, 45.16 and 55.55 for acetaldehyde, 
and 49.75 and 58.00 for ethyl acetate. These results 
serve as a baseline for comparison with more flexible cal-
ibration models.  

Parity plots for the test results of each k-fold ob-
tained using the MLR model are shown in Figure 4 for 
each component separately. A clear model bias is ob-
served in all plots, where predictions are above the parity 
line in the center of the range and below the parity line at 
the extremes. In addition, the MLR model produces non-
zero predictions at zero concentration, this phenomenon 
is particularly evident for ethyl acetate predictions. 
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 Standard polynomial regression with a second de-
gree expansion results in a significant improvement in 
both metrics. The component-wise MAE and RMSE val-
ues are given in Table 2. The significant improvement in 
prediction accuracy indicates that the calibration model 
benefits from incorporating nonlinear relationships be-
tween the response and analyte concentrations. 

 
Figure 3. Standard concentrations and raw and internal 
standard normalized peak areas for (a) ethanol, (b) 
acetaldehyde, and (c) ethyl acetate.  

The ANN model also exhibits predictive perfor-
mance similar to polynomial regression. As shown in Ta-
ble 3, the ANN yields a slightly higher MAE and RMSE for 
acetaldehyde, while achieving a nearly 10% decrease in 
MAE and RMSE for ethyl acetate. Overall, both polynomial 
regression and ANN outperform the MLR model, which 
indicates the importance of incorporating nonlinear rela-
tionships between the input variables and analyte con-
centrations.  

Table 2: Component-wise MAE and RMSE for test set 
predictions, averaged over 5-fold cross-validation, ob-
tained using polynomial regression. 

Component MAE RMSE 
Ethanol   
Acetaldehyde   
Ethyl acetate   

Table 3: Component-wise MAE and RMSE for test set 
predictions, averaged over 5-fold cross-validation, ob-
tained using ANN. 

Component MAE RMSE 
Ethanol   
Acetaldehyde   
Ethyl acetate   

Table 4: Component-wise MAE and RMSE for test set 
predictions, averaged over 5-fold cross-validation, ob-
tained using prior-induced polynomial regression. 

Component MAE RMSE 
Ethanol   
Acetaldehyde   
Ethyl acetate   

Table 5: Component-wise MAE and RMSE for test set 
predictions, averaged over 5-fold cross-validation, ob-
tained using polynomial regression prior-induced 
branched ANN model. 

Component MAE RMSE 
Ethanol   
Acetaldehyde   
Ethyl acetate   

Table 6: Number of parameters, k, AIC, and BIC values 
for each model.  

Model k AIC BIC 
MLR    
Polynomial regression    
Fully connected ANN    
Prior-induced polynomial 
regression 

   

Prior-induced branched 
ANN 

   

Prior-Induced Models 
The prior-induced polynomial regression and 

branched ANN models were evaluated using the same 
validation procedure as the baseline models. Incorporat-
ing prior information into the polynomial regression 
framework results in improved prediction accuracy for 
ethanol and ethyl acetate, while it yields comparable per-
formance for acetaldehyde across both error metrics. 
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The component-wise MAE and RMSE values obtained us-
ing this model are summarized in Table 4. 

 
Figure 4. Parity plots for the test set of each k-fold using 
MLR for (a) ethanol, (b) acetaldehyde, and (c) ethyl 
acetate.  

The prior-induced branched ANN model demon-
strates consistent improvement across all metrics com-
pared the fully connected ANN model, however, when it 
is compared with prior-induced polynomial regression 
model, branched ANN achieves slightly better prediction 
accuracy for acetaldehyde, while having marginally 
higher errors for ethanol and ethyl acetate. These results 
suggest that embedding prior knowledge into the net-
work enhances predictive performance, while still having 
an efficient training process.  

Model Complexity  
 Table 6 compares AIC and BIC values obtained for 
MLR, polynomial regression, fully connected ANN, and 
their prior-induced counterparts. Both AIC and BIC eval-
uate model performance by balancing goodness of fit 
against model complexity through an explicit penalty on 
the number of parameters. Among all evaluated models 
standard polynomial regression exhibits the lowest AIC 
and one of the lowest BIC values, which indicates that the 
improvement in predictive performance justifies the ad-
ditional complexity relative to the MLR baseline. The fully 
connected ANN and prior-induced ANN results in sub-
stantially higher AIC and BIC, showing that large number 
of trainable parameters in ANNs are strongly penalized. 
The prior-induced polynomial regression has slightly in-
creased AIC and BIC compared to standard polynomial 
regression. Since both models contain the same number 
of trainable parameters, this increase can be attributed 
to a higher RSS for the prior-induced formulation.  

When all models are considered, ANN-based mod-
els do not yield proportional improvements in prediction 
accuracy despite their increased complexity, while the 
prior-induced polynomial regression model achieves pre-
dictive performance close to the ANN-based models, 
while having AIC and BIC comparable to MLR model, 
which makes it a good alternative in this specific use-
case. However, both prior-induced polynomial regression 
model and branched-ANN model can provide efficient 
frameworks for incorporating physical prior information 
into calibration models for similar or more complex sys-
tems affected by matrix effects.  

CONCLUSION 
In conclusion, data-driven calibration models were 

developed for the accurate quantitative analysis of etha-
nol electrooxidation products using HS–GC–MS calibra-
tion data. MLR, polynomial regression, and fully-con-
nected ANN were employed as baseline calibration mod-
els, while prior-induced polynomial regression and ANN 
models were developed by incorporating a simple physi-
cal constraint: The principle that a zero response corre-
sponds to zero analyte concentration. Both polynomial 
regression and ANN models substantially outperformed 
the MLR baseline, achieving approximately 60–70% re-
ductions in component-wise MAE and RMSE. Polynomial 
regression exhibited slightly better performance in acet-
aldehyde prediction, whereas ANN yielded marginally 
lower MAE and RMSE for ethyl acetate. Incorporation of 
prior information with polynomial regression further re-
duced MAE and RMSE by approximately 20–25% for eth-
anol and acetaldehyde. The prior-induced branched ANN 
achieved predictive accuracy comparable to that of the 
prior-induced polynomial regression model. However, 
both fully connected and branched ANN models 
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exhibited AIC and BIC values approximately twice those 
of the polynomial models, indicating that the ANN archi-
tectures are overly complex for the present problem. 
Overall, the proposed methodology demonstrates strong 
potential for application to more complex solution sys-
tems by effectively integrating prior physical knowledge 
and nonlinear relationships into model training. 
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