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A B S T R A C T

Artificial neural networks are used as calibration models in routine analytical determinations that involve 
spectroscopic data. To ensure that the model will generate reliable predictions for new samples, the applicability 
domain must be well defined. This article describes a strategy for establishing the limits of the applicability 
domain when the calibration model is a feed-forward neural network. The applicability domain was defined by 
two limits: 1) the 0.99 quantile of the squared Mahalanobis distance calculated from the network activations of 
the training set and 2) the 0.99 quantile of the reconstruction error of the training spectra using either an 
autoencoder network or a decoder network. A new sample with a squared Mahalanobis distance and/or spectral 
residuals beyond these limits is said to be outside the applicability domain, and the prediction is questionable. 
The approach was illustrated by predicting the density of diesel fuel samples from mid-infrared spectra and the 
fat content in meat from near-infrared spectra. The methodology could correctly detect anomalous spectra in 
prediction using either the autoencoder or the decoder.

Novelty statement

A new procedure to establish the applicability domain when a feed- 
forward neural network is the calibration model in analytical de
terminations based on spectroscopic data.

The squared Mahalanobis distance and the spectral residuals of an 
autoencoder (or a decoder) were used to define the limits of the appli
cability domain of a regression network. Beyond these limits, the pre
diction of a new sample is not considered reliable enough.

The methodology was illustrated with two datasets involving MIR 
and NIR spectra, respectively.

1. Introduction

The demand for fast, inexpensive, and multiparametric analytical 
methods has led to the widespread use of infrared spectroscopy with 
multivariate calibration. Among the calibration models, artificial neural 
networks (ANNs) are a versatile class that is especially suited to handle 
nonlinear relationships between the spectrum and the property to be 
predicted [1]. Some examples that show the relevance of ANNs in 
analytical determinations can be found in Refs. [1–7].

The use of ANNs in routine analyses requires proper model valida
tion, the specification of the applicability domain, the periodic testing of 
the model’s performance against the reference method, and some means 
of estimating the prediction uncertainty. While aspects such as predic
tion uncertainty [8,9] and analytical figures of merit [9–11] have been 
addressed, the characterization of the applicability domain of a 
feed-forward neural network has received less attention, and this is the 
focus of this work. The applicability domain (AD) can be defined as the 
sample space where the model is expected to predict with a given reli
ability [12]. In spectroscopic methods, predictions are more reliable 
when the spectra of the new samples are like the spectra of the training 
samples, i.e., within the AD. Samples outside the AD are extrapolations 
and therefore their predictions are less reliable. The reasons why a new 
sample may fall outside the AD are diverse. Some are related to the 
sample itself, such as having a new ratio of constituents or different 
matrix effects, while others are related to gross errors, new measurement 
conditions, or instrument performance. These sources of discrepancy are 
discussed regularly in reports that deal with novelty detection, anomaly 
detection, fault detection, and model updating. In this sense, the speci
fication of the AD is connected to the approaches used to detect pre
diction outliers, which are those instances that are outside the 
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boundaries of the AD. In summary, the purpose of defining the AD is to 
answer the question: “Can we trust the prediction from this spectrum?”.

Quantitative-structure activity relationship (QSAR) studies offer a 
convenient initial perspective about some approaches that can be used 
to describe the AD. The definition of the AD in QSAR is an active area of 
research [13–18] motivated by the fact that the validation of QSAR 
models used in regulatory applications must include the specification of 
the AD [19]. When the modeling algorithms used in analytical de
terminations coincide with those in QSAR, the principles used to define 
the AD are common [20,21]. These principles are also found in surveys 
about outlier detection in classification and regression [22–28], where 
the AD is not explicitly mentioned, but it is indirectly understood as the 
space enclosed by the limits used to issue outlier warnings.

There are different approaches to defining the AD of a model. They 
can be based on variable ranges, distances, densities, ensemble learning, 
or prediction intervals, to mention one way of grouping them [20,29]. 
This diversity of methods reflects the variety of scenarios, and the choice 
of the approach depends on the characteristics of the model and the type 
and distribution of the available data. Nevertheless, the prevailing sit
uation is the lack of training instances outside the AD, so most methods 
are unsupervised and the boundaries of the AD are set by learning from 
good data. Among these methods, distance-based approaches are simple 
and widely used [13,17,18,30]. The similarity between a new sample 
and the training samples can be measured by the Euclidean distance 
[14], Mahalanobis distance [31], Manhattan distance [32], Hotelling’s 
T2 and leverage [29]. For highly correlated variables, such as spectra, 
the Mahalanobis distance is especially useful [33,34]. It is assumed that 
the prediction accuracy decreases as the distance of the new sample to 
the training samples increases. Hence, a distance above a given 
threshold indicates that the sample is outside the AD and its prediction is 
unreliable. The threshold can be set as a quantile of the theoretical 
distribution that the metric is known to follow or a quantile of the dis
tances calculated for the training samples up to the maximum distance 
obtained for the training set [13,29,35]. Reconstruction-based methods 
are also common. They assume that novelties (i.e., spectra of good 
samples not yet represented by the model) or anomalies (i.e., spectra of 
bad samples or erroneous spectra of good samples) cannot be recon
structed from projections in a space of fewer dimensions calculated from 
good samples [25,36]. Therefore, they can be detected by a spectrum 
reconstruction error above a given threshold [21]. This idea is used in 
factor-based multivariate models, where the sum of squared spectral 
residuals (a.k.a. Q-value) is commonly used to detect outliers. In 
nonlinear scenarios, autoencoders are a type of neural network that can 
be used for this purpose. These networks are designed to reconstruct the 
input through a narrow hidden layer, known as the bottleneck. By 
compressing the input through the narrow layer, the common infor
mation relevant to describing the samples is preserved, so the autoen
coder learns to reconstruct the training data approximately. Hence, an 
autoencoder will properly reconstruct the spectrum of a new sample if it 
is similar to the spectra used to train it. Otherwise, reconstruction will be 
poor. Therefore, novel and anomalous samples can be identified by 
having larger spectral residuals than the residuals of the training sam
ples. Autoencoders have been used in multivariate process control, 
sample classification, and fault diagnosis, among other applications [7,
37].

This paper shows a procedure for establishing the AD when a feed- 
forward neural network is the calibration model of an analytical deter
mination. The AD is enclosed by two limits. One limit is based on the 
Mahalanobis distance calculated from the projection of the training 
spectra in the reduced latent space of the regression network. The other 
limit uses the sum of squared spectral residuals of an autoencoder. Two 
variations of the latter are presented and compared. One is the classical 
autoencoder, trained from the raw spectra. The other uses only the 
decoder part of an autoencoder, trained using the activations from the 
regression network as input.

The approach was applied to two study cases. The first one is the 

determination of the density of diesel fuel samples from IR spectra using 
a feed-forward neural network. The combination of IR spectroscopy and 
ANNs have been shown to be effective in determining relevant physi
cochemical properties of diesel fuel samples [38–41]. The second case is 
the determination of fat content in meat samples using a dataset [42,43] 
that is commonly used as a benchmark for ANNs.

2. Theory

2.1. Feed-forward neural network

The feed-forward multilayer perceptron (Fig. 1) is the simplest and 
possibly the most common ANN used in quantitative analysis with 
spectroscopic data. In this nonlinear regression model, a layer of J nodes 
processes data from the previous layer according to equation (1): 

aj = f

(
∑K

k=1
wjkxk +wj0

)

(1) 

where aj is the output of node j of the layer, xk’s are the inputs of node j, 
wjk and wj0 are the weights and bias associated with this node, and f is 
the so-called activation function. For the first hidden layer, xk’s are the 
elements of the input spectrum x = [x1,…xk,…xK]

T and f is a nonlinear 
function. For the output layer, which in this case has one node only, the 
xk’s are the outputs of the previous hidden layer, f is a linear function, 
and the output is the predicted value of the property, ŷ. The number of 
hidden layers, the number of nodes in each layer, and the activation 
functions are selected for the problem at hand. The weights and biases 
are estimated by backpropagation from the spectrum and property value 
pairs {x, y} of the training set, using the mean square error (MSE) 
(optionally with L2-regularization) as a loss function [44].

2.2. Auto-associative neural network

An auto-associative neural network, also known as a replicator 
neural network or autoencoder, is a feed-forward multilayer perceptron 
network designed to reproduce the input [44,45]. A key feature is that 
one hidden layer has fewer neurons than the input layer (Fig. 2) which 
gives this network the aspect of having a bottleneck. The left-hand side 

Fig. 1. Feed-forward multilayer perceptron with one hidden layer. The hidden 
layer activations (dotted square) are used to calculate the applicability domain.
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of the network, from the input layer to the bottleneck layer, performs a 
nonlinear mapping of the input x (e.g., a spectrum) to a reduced latent 
space so that x is represented in fewer dimensions. This block is known 
as the encoder. The right-hand side of the network, from the bottleneck 
to the output layer, is the decoder part and uses the compressed repre
sentation emerging from the bottleneck to approximately reconstruct 
the input x. The network is trained to reconstruct the input data by 
minimizing the loss function 

E=
1
2
∑M

m=1
Qm (2) 

where M is the number of training samples and Qm is the squared 
reconstruction error of the mth training sample given by [46] 

Qm =
∑K

k=1
(xmk − x̂mk)

2 (3) 

where xm = [xm1,…xmk,…xmK]
T is the spectrum of the mth training 

sample, K is the number of spectral variables, and x̂m =

[x̂m1,…x̂mk,…x̂mK]
T is the output of the autoencoder. In this work, L2- 

norm regularization was added to the loss function in equation (2) to 
avoid overfitting. With adequate settings, autoencoders can perform, for 
example, nonlinear principal component analysis [47]. Although 
autoencoders are usually symmetric [44], symmetry is not strictly 
necessary, and the encoder and decoder parts may have a different 
number of layers and nodes.

Forcing the output to be as similar as possible to the input makes 
autoencoders generalize poorly. This fact can be used to detect anom
alies. An autoencoder trained with the spectra that were used for 
training the regression network will faithfully reconstruct a new sample 
spectrum only if it resembles the training spectra. An anomalous spec
trum containing unmodeled parts will not be reproduced well, and the 
spectral residuals will be large. A threshold Qlim can be estimated from 
the spectral residuals of the training spectra so that a new spectrum 
whose Q value is larger than Qlim is said to be outside the applicability 
domain of the model. The threshold will depend on the complexity of the 
autoencoder and the similarity among the training spectra. For a given 
autoencoder architecture, a training set that consists of very similar 

spectra will result in a well-fitted autoencoder, small residuals, and a 
low Qlim. Only very similar new spectra will be reproduced well and the 
applicability domain will be restricted. A slightly different spectrum will 
easily be marked as outside the applicability domain. This implies an 
increased risk of rejecting a good extreme sample (type I error). 
Conversely, an autoencoder trained with very diverse spectra will have a 
worse fit and a higher Qlim. The applicability domain will be less tight 
and more varied spectra will be accepted, increasing the likelihood that 
a true outlier will go unnoticed (type II error). The number of layers and 
nodes of the autoencoder will also affect Qlim. For a given training set, a 
wider bottleneck results in a better fit and a lower Qlim than a narrow 
bottleneck. Thus, fine-tuning the autoencoder architecture can restrict 
or widen the applicability domain. The trade-off will depend on the 
problem at hand.

Note that an autoencoder will reproduce a spectrum independently 
on the regression network for which we are specifying the applicability 
domain. In this sense, defining the applicability domain of a regression 
network using the autoencoder’s ability to reproduce spectra is like 
using the nearest neighbor distance or principal component analysis to 
define the applicability domain of a partial least squares regression 
model. None of these methods use the specific form of the regression 
model to indicate that a spectrum is inside or outside the applicability 
domain. Since the regression network emphasizes different parts of the 
spectrum depending on the property to be predicted, the effect of a 
spectral anomaly on the prediction is different depending on the zone of 
the spectrum affected. To emphasize the detection of anomalies in the 
wavelength ranges that are most influential for prediction, an alterna
tive spectral reconstruction approach can be tested. It consists of 
training only the right-hand block of the autoencoder, the decoder, to 
reproduce the training spectra. In this case, the input to the decoder for 
the training sample i can be the activations vector of the hidden layer of 
the regression network ai and the output will be the reconstructed 
spectrum x̂i. The decoder is then trained to minimize the reconstruction 
error given by equation (2). This is a less optimal implementation of an 
autoencoder, as only the decoder part is trained starting from a loose 
representation of the spectrum. It results in larger spectral residuals but 
is an attempt to increase the sensitivity to anomalies at the wavelengths 
that are relevant for regression.

2.3. Mahalanobis distance

Let X =
[
X1,…,Xp

]T be p × 1 random vector with population mean 

μ = E(X) and covariance matrix Σ = E
[
(X − μ)(X − μ)T

]
. The Mahala

nobis distance between X and μ is given by 

D(X,μ) =
{
(X − μ)TΣ− 1(X − μ)

}1/2
(4) 

This scalar is a generalized distance that measures where a vector X 
lies with respect to the center of the multivariate space taking into ac
count the correlations among variables. If X is normally distributed, i.e., 
X ∼ Np(μ,Σ), D2 follows a chi-square distribution with p degrees of 
freedom [48]. In practice, μ and Σ are estimated from the M training 
samples as x = 1

M
∑M

i=1 xi and S = 1
M− 1

∑M
i=1 (xi − x)(xi − x)T so the sample 

version of the squared Mahalanobis distance for observation xi. 

D2
i =(xi − x)TS− 1(xi − x), i=1, . . .,M (5) 

is only approximately distributed as a χ2
p if xi ∼ Np(μ,Σ) but will 

asymptotically approach χ2
p as M gets larger.

In linear calibration models such as multiple linear regression, 
principal components regression or partial least squares regression, the 
Mahalanobis distance is related to the leverage, which is a recom
mended measure to flag that a new sample spectrum is outside the 
calibration range [49]. The Mahalanobis distance can be used for the 
same purpose as the leverage, by setting a limit of the AD as a quantile 

Fig. 2. Autoencoder with three hidden layers. The central layer is the bottle
neck layer. The two alternative approaches used to calculate Qlim are indicated.
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(e.g., 0.99) of χ2
p in case of multivariate normality or a quantile of the D2 

values of the training set if X is not normally distributed. This latter 
approach resembles the ASTM norm recommendation that a leverage 
larger than the maximum leverage of the calibration set can be used as 
an indication of extrapolation of the model.

Although the Mahalanobis distance can be calculated for the spectra, 
it requires the covariance matrix be nonsingular, which limits its use to 
cases when the number of samples is larger than the number of vari
ables. Moreover, the fitted model is not considered to define its AD 
because eq (5) only involves the spectra. A less restrictive option is to 
calculate the Mahalanobis distance using the activations of the hidden 
layer of the regression network as 

D2
i =(ai − a)TS− 1(ai − a) (6) 

where ai is the vector of activations of the hidden layer for sample i and a 
and S are the average and covariance matrix of the hidden layer acti
vations of the training set respectively. As noted above, if the underlying 
distribution of the activations is multinormal, then a quantile of χ2

d 
where d is equal to the dimension of a (that is, the number of nodes in 
the hidden layer) can be used as a limit of the applicability domain. If D2 

does not follow a chi-square distribution, then a limit D2
lim can be set as a 

quantile (e.g., 0.99) of the D2 values of the training set. In all cases, a 
higher D2

i than the limit will indicate that a sample is outside the 
applicability domain and that its prediction cannot be trusted [50]. This 
work describes the case when the regression network has only one 
hidden layer. Such a model was enough for the property being modelled.

2.4. Q spectral residual

The root mean square of spectral residuals has been recommended 
[49] to detect that a new sample contains interferences not present in 
the calibration samples. Similarly, for an autoencoder that has been 
trained to reproduce an input spectrum, define the Q value for a sample 
[46] as the squared reconstruction error of the spectrum: 

Q=
∑K

k=1
(xk − x̂k)

2 (7) 

A new sample will be considered to be outside the AD if the sum of 
squared spectral residuals from the autoencoder is larger than a limit set 
from the spectral residuals of the training data. If the spectra follow a 
multinormal distribution, then Q follows a χ2

K distribution with the 
number of degrees of freedom equal to the number of spectral variables 
K. In that case, a limit Qlim can be set as a certain quantile (e.g., 0.99) of 
the chi-square distribution. Otherwise, Qlim can be set, for example, as 
the 0.99 quantile of the Q values of the training set. Thus, a new sample 
is said to be outside the applicability domain if Q > Qlim.

2.5. Applicability domain of a regression network

The applicability domain of the regression neural network can be 
established as follows. Once a regression network has been trained to 
predict a property of interest from the infrared spectrum, the vector of 
activations of each training sample in the hidden layer of the regression 
network ai (Fig. 1) is kept aside. The activations of all the training 
samples are then used to calculate S in equation (6), the squared 
Mahalanobis distance of each training sample, and the limit of the 
applicability domain D2

lim. Next, two approaches are proposed to 
calculate the limit of the applicability domain that is based on the 
spectral residuals, Qlim. The first approach consists of training an 
autoencoder (Fig. 2) to reconstruct the training spectra using the 
training spectra as input. The spectral residuals of the training set are 
used to define Qlim. Alternatively, only the decoder part of Fig. 2 is 
trained to reproduce the training spectra using as input the activations ai 
that were used to calculate the Mahalanobis distance. The spectral 

residuals are used to define Qlim. The spectrum of the new sample is 
submitted to the regression network to obtain the prediction and the 
Mahalanobis distance is calculated from the activation of the hidden 
layer. Next, either the spectrum is submitted to the autoencoder to 
obtain the reconstructed spectrum x̂ and Q (equation (7)) or the hidden 
layer activations are submitted to the decoder to obtain the recon
structed spectrum x̂ and Q. The spectrum is inside the applicability 
domain if Q ≤ Qlim and D2 ≤ D2

lim. Otherwise, the prediction is not 
reliable and must be verified using the reference analytical method.

3. Material and methods

3.1. Datasets

3.1.1. Diesel dataset
A set of 1792 diesel fuel samples were collected at the Repsol oil 

refinery in La Pobla de Mafumet, Tarragona (Spain) over 35 months. 
They were mostly samples from the refinery collector and tanks of the 
finished product. The density of the samples was determined following 
the ASTM D4052 method [51] with an ANTON PAAR digital densimeter 
model DMA 4500 M. The values ranged between 820.0 kg/m3 and 
875.0 kg/m3. Absorbance spectra between 2591.86 and 1785.76 cm-1 

with a 4 cm-1 resolution were acquired with an Analect Diamond 20 
FTIR/FT-NIR process lab analyzer using a flow cell of 0.5 mm path
length. Each spectrum was the average of 64 scans. A new background 
spectrum was acquired daily to keep up with baseline shifts and envi
ronmental fluctuations. The dataset was randomly split into a training 
set (899 samples), a validation set (451 samples) and a test set (434 
samples) which contained 50 %, 25 % and 25 % of the samples analyzed 
each month over 35 months. Five spectra measured in a second 
FTIR/FT-NIR instrument of the same manufacturer were added to the 
test set. Two discordant spectra resulting from an erroneous manipula
tion of the sample in the instrument, the mislabelled spectrum of a 
gasoline that had been labelled as diesel, and a flawed background 
measurement were also added to the test set.

3.1.2. Tecator dataset
This dataset has been previously used for testing the performance of 

ANN models [52,53] because of its known nonlinearity. It consists of 
240 chopped meat samples with known moisture, fat, and protein con
tent values and near-infrared absorbance spectra between 850 and 1050 
nm. The dataset was downloaded from http://lib.stat.cmu.edu/dataset 
s/tecator [54]. The content of fat (0.9–49.1 %) was used in this work. 
We used a training set of 172 samples and a validation set of 43 samples, 
as suggested in Ref. [54]. Eight extrapolation samples (also indicated in 
Ref. [54]) were selected as the test set.

3.2. Data analysis

Calculations were carried out in MATLAB (MathWorks Inc., Natick, 
MA, R2022a) with MATLAB’s Deep Learning ToolboxTM and PLS- 
Toolbox v7 (Eigenvector Research, Manson, WA).

For the diesel dataset, a regression network was trained to predict the 
density of the diesel samples from the mid-infrared spectra. The archi
tecture of the network was selected after training different networks 
with one and two hidden layers, with different combinations of number 
of nodes in each layer up to 25 nodes. The transfer function of the hidden 
layers was the hyperbolic tangent. The models were trained by back
propagation with 5000 or more epochs to minimize the MSE with L2- 
regularization. Training used stochastic gradient descent with mo
mentum, initial learning rate 0.001, and L2-regularization factor 10− 4. A 
mini-batch size of 16 was used to evaluate the gradient of the loss 
function and update the weights. The simplest network with a low MSE 
in the validation set was selected. Different setups of autoencoder with 
three hidden layers were tested with an increasing number (up to 25) of 
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neurons each. To reduce the number of possible structures that could be 
evaluated, the number of neurons in the bottleneck layer was the 
number of nodes in the hidden layer of the selected regression network. 
Except L2-regularization factor 10− 3, the rest of the settings for training 
the autoencoder were the same as those used for the regression network. 
For the decoder, different setups of decoder were tested. The training 
parameters for the decoder were the same as those used for the 
autoencoder. Both in the autoencoder and the decoder, the number of 
neurons of the output layer was the dimensions of the spectrum.

For the Tecator dataset, a regression network was trained to predict 
the fat content using the same procedure as for the diesel dataset, using 
the NIR spectra after the standard normal variate (SNV) transform. The 
training approaches for the autoencoder and decoder networks were the 
same as those used for the diesel dataset.

4. Results and discussion

4.1. Diesel dataset

4.1.1. Neural network models
Fig. 3 shows the MIR region used to establish the regression model. 

The range 2591.86–1785.76 cm− 1 contains the fundamental vibrations 
of groups C–H and C––O present in most compounds in diesel samples 
[55]. Regression networks with one or two hidden layers with a variable 
number of nodes were trained to predict density from MIR spectra. The 
selected model was the network with one hidden layer (Fig. 1) and ten 
neurons, as it was the simplest model with an acceptable prediction 
error of the validation set. Only small differences in the validation 
performance were found by using more than ten neurons or a second 
hidden layer. Such improvements fluctuated depending on the 
randomness of the iterative training process based on minibatches. Fig. 4
shows the predicted density for the calibration and validation sets using 
the selected network. The root mean squared error (RMSE) for the 
calibration and validation sets was 0.56 kg/m3 and 0.62 kg/m3 

respectively. The determination coefficient (R2) of the linear fit between 
the reference density and the predictions was 0.98 and 0.98 for the 
training and validation sets, respectively. The prediction ability of the 
network was comparable to previously reported results [39] with ANNs 
or other multivariate calibration methods calculated with smaller sets of 
samples covering shorter production periods. For comparison, the best 
PLS model performed slightly worse, with an RMSEP of the validation 

set of 0.70 kg/m3.
Different autoencoder architectures with one or three hidden layers 

were tested to reproduce the training spectra. To keep the number of 
combinations to be tested low, the number of neurons in the bottleneck 
was fixed, and it was the same as the number of neurons in the hidden 
layer in the regression network. The selected autoencoder had 15, 10 
and 15 neurons in the first, middle (bottleneck) and third hidden layers 
respectively. The RMSE for the training and validation sets in the 
selected model was 8.21⋅10− 4 and 8.47⋅10− 4, respectively. Fig. 5 shows 
the reconstructed spectra x̂ and the spectral residuals of the calibration 
and validation samples. For both the calibration and validation sets, the 
correlation coefficient between each spectrum and the reconstructed 
spectrum ranged from 0.9992 to 1, confirming that the autoencoder 
could successfully reproduce the spectra.

The decoder was trained using as inputs the hidden layer activations 
of the training set from the regression network (a 10 × 1 data vector per 
sample). Like in the autoencoder, the output layer returned the recon
structed spectrum and equation (2) with L2-regularization was the loss 
function to be minimized. Fifteen different architectures of the decoder 
were tested with one and two hidden layers, with an increasing number 
of neurons, up to 25. The simplest network with one hidden layer and 15 
neurons was selected as it provided the lowest RMSE for the validation 
set. The reconstruction error did not improve by using two hidden 
layers. The RMSE for the training and validation sets in the selected 
model was 1.43⋅10− 3 and 1.42⋅10− 3, respectively. Fig. 6 shows the 
spectra estimated by the decoder for the training and validation sets, and 
the spectral residuals. For both the calibration and validation sets, the 
correlation coefficient between each spectrum and the estimated spec
trum ranged between 0.9986 and 1, confirming that the decoder could 
also correctly reproduce the original spectra from the ten activation 
values obtained from the regression network. The spectral residuals are 
larger than the residuals produced by the autoencoder, which is 
consistent with the fact that the autoencoder has a more complex 
structure with more coefficients and is thus expected to fit the training 
spectra better.

4.1.2. Applicability domain of the regression network
The squared Mahalanobis distance of calibration, validation and test 

spectra was calculated from the activations of the hidden layer of the 
regression network (equation (6)). The quantile-quantile plot [56] of the 
D2 values of the training samples (Fig. 7) indicated that D2 does not 
follow a χ2

10 distribution, so the limit of the applicability domain D2
lim 

Fig. 3. MIR spectra of the diesel samples: training set (blue) and validation set 
(orange). (For interpretation of the references to colour in this figure legend, 
the reader is referred to the Web version of this article.)

Fig. 4. Predicted versus reference density for the training (blue) and validation 
(orange) samples. (For interpretation of the references to colour in this figure 
legend, the reader is referred to the Web version of this article.)
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was set at the 0.99 quantile of the D2 values of the training set, which 
was 39.49.

The Q values were calculated from the spectral residuals of the 
autoencoder and the decoder. The quantile-quantile plot indicated that 
Q for both the autoencoder (Fig. 8) and the decoder (Fig. S1 in the 
supplementary information) do not follow a chi-square distribution. For 
the autoencoder, the largest Q value was 3.60⋅10− 3 and the limit Qlim− AE 
was set at 1.20⋅10− 3, the 0.99 quantile of the Q values of the training set. 
For the decoder, the largest Q value of the training set was 6.60⋅10− 3 and 
Qlim− EN was set at 2.70⋅10− 3, the 0.99 quantile of the Q values of the 
training set. Note that Qlim− AE is lower than Qlim− EN, which is consistent 
with the smaller spectral residuals of the autoencoder observed above.

Fig. 9 shows the limits of the AD of the regression network defined by 
the squared Mahalanobis distance and the spectral residuals of the 
autoencoder. 1 % of the training samples (that is, 9 samples) had D2 

values higher than D2
lim and 1 % of the training samples had Q values 

higher than Qlim− AE. In total, 15 training samples (1.7 % of the set) were 
outside the AD. It is important to note that these samples were valid 
samples used in the training step and that their position outside the AD 
was simply the consequence of using 0.99 quantiles to set the limits of 
the AD. This indicates that the limits of the applicability domain should 

Fig. 5. Reconstructed training spectra and spectral residuals from the autoencoder.

Fig. 6. Reconstructed training spectra and spectral residuals from the decoder.

Fig. 7. Quantiles of D2 vs. theoretical quantiles of a χ2
10 distribution.

Fig. 8. Quantiles of Q from the autoencoder vs. theoretical quantiles of a χ2
210 

distribution.
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not be interpreted as rigid boundaries that separate good samples from 
outliers with unreliable predictions. Rather, these limits are the borders 
of an inner region where the predictions can be confidently accepted.

Only four validation samples had Q values higher than Qlim− AE and 
one of them also had D2 value higher than D2

lim. Most of the test samples 
were also within the AD, except 19 samples that had D2 or Q values 
exceeding the limits. Four of them stood out only for their high spectral 
residual (Q > Qlim− AE) while their D2 values were lower than D2

lim. Two 
samples stood out for their high D2 values (D2 > D2

lim) while having a 
low spectral residual (Q < Qlim− AE). The thirteen remaining samples had 
simultaneously D2 and Q values exceeding the limits. Fig. 10 shows the 
spectra of these thirteen highly discordant samples, compared with the 
spectra of the training samples. Among these thirteen, five were the ones 
that had been measured with the second instrument and three were the 
rare spectra that had been added to the test set. This showed the ability 
of the AD to flag discordant spectra.

Fig. 11 shows the empirical cumulative distribution function of the 

absolute prediction error of the density for each sample ei =
⃒
⃒yi − ŷi

⃒
⃒ of 

the training and validation set together. As expected for regular spectra, 
there is not a high correlation between the absolute prediction error and 
the D2 and Q values as they all are part of the modelled variability of the 
training set. Hence, a range of prediction errors are possible, as indicated 
by the cumulative curve. On the other hand, anomalous spectra that 
have high values of Q and D2 (that is, they are outside the AD) are more 
susceptible to produce large prediction errors. This is what is observed in 
Fig. 11 with the thirteen test samples that were outside both AD limits 
simultaneously. Nine of them had absolute errors larger than 
1.35 kg/m3, that is, worse than 97 % of the errors of the training and 
validation sets. The other four test samples that were outside the AD had 
small absolute errors, in accordance with the idea that the AD cannot be 
regarded as the space outside which we have the absolute certainty that 
the prediction errors will be large in all the cases, but as a zone outside 
which there is a higher risk of large prediction errors and thus, the 
predictions should not be trusted.

As an alternative to the autoencoder, which is trained independently 
on the regression network, the spectral residual limit of the AD was also 
calculated from the decoder part of an autoencoder, calculated from the 
activations of the hidden layer of the regression network. The decoder 
reconstructs the spectra worse than the autoencoder, resulting in larger 
residuals and a larger Qlim. The AD limits set from the Mahalanobis 
distance and the decoder also detected the thirteen discordant spectra in 
the test set with a Q value larger than Qlim that were also flagged by the 
autoencoder (Fig. S2 in the supplementary information) but we did not 
observe any apparent improvement in the detection of outlying samples 
by using the decoder as compared to using the autoencoder. The reason 
was that the decoder did not necessarily had the largest weights at the 
nodes that received the largest (in absolute value) activations from the 
hidden layer of the regression network. Therefore, small anomalies at 
the important wavelengths, that resulted in defective activations (and 
hence, could be detected by the Mahalanobis distance) did not translate 
into large spectral residuals in a more sensitive way than for the 
autoencoder.

4.2. Tecator dataset

Fig. 12 shows the spectra of training and test sets with the spectra of 
the extrapolation samples highlighted. The optimal regression model 
consisted of one hidden layer with 16 neurons. Fig. 13 shows the pre
dicted fat content for the calibration, validation, and test sets using this 
network. The RMSE for the calibration and validation sets were 0.76 % 

Fig. 9. log10(Q) of the autoencoder vs. log10
(
D2) for the training (blue), vali

dation (orange) and test diesel samples (red). The limits of the applicability 
domain of the regression network are shown. The logarithmic scale was used to 
facilitate the visualization. (For interpretation of the references to colour in this 
figure legend, the reader is referred to the Web version of this article.)

Fig. 10. Spectra of the samples outside the applicability domain compared to 
the range of the spectra of the training samples.

Fig. 11. Empirical cumulative distribution function of the absolute prediction 
error for density.
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(R2 = 0.99) and 0.76 % (R2 = 0.99), respectively, which are similar to 
those reported in previous studies [9,57,58]. The RMSE for the test set 
was 2.1 % (R2 = 0.87) because the spectra represent an extrapolation of 
the model.

Fig. 14 shows the empirical cumulative distribution function of the 
absolute prediction error for the fat content of the training and valida
tion samples. As can be seen, the test set spectra had absolute errors 
larger than 1.40 %, worse than 90 % of the errors of the training and 
validation sets. For these samples, a high correlation between the ab
solute prediction error and the D2 and Q values is expected. This is 
observed in Fig. 15, which shows the limits of the AD of the model 
defined by D2 and Q calculated from the activations of the regression 
network and autoencoder (with 32, 16, and 32 neurons in the hidden 
layers), respectively. As can be seen, all test samples were outside both 
AD limits, as one could expect since the samples were known to be ex
trapolations. Very similar results were obtained using the AD limits set 
from D2 and the decoder network of one hidden layer with 32 neurons 

(Fig. S3 in the supplementary information).

5. Conclusions

Routine quantitative determinations based on multivariate spec
troscopy and multivariate calibration require safeguards to ensure that 
the accepted size of the prediction errors is maintained during the use of 
the model. One of these safeguards is the characterization of the appli
cability domain of the model. Beyond the limits of this domain, the 
prediction of a sample is not considered to be reliable enough. This does 
not necessarily mean that the sample will produce a large prediction 
error, but it is susceptible to it. This work has presented an approach to 
finding these limits in a feed-forward neural network, arguably the most 
common and simple network used in chemical analysis. The limits were 
set as the 0.99 quantiles of two metrics calculated from the training data. 
One was the squared Mahalanobis distance calculated from the activa
tions of the hidden layer of the regression network. This measured the 

Fig. 12. Near-infrared spectra of Tecator samples: training set (blue), and test 
set (red). (For interpretation of the references to colour in this figure legend, the 
reader is referred to the Web version of this article.)

Fig. 13. Predicted versus reference fat content for the training (blue), valida
tion (orange) and test (green) samples. (For interpretation of the references to 
colour in this figure legend, the reader is referred to the Web version of 
this article.)

Fig. 14. Empirical cumulative distribution function of the absolute prediction 
error for fat content.

Fig. 15. log10(Q) of the autoencoder vs. log10
(
D2) for the training (blue), 

validation (orange) and test meat samples (red). The limits of the applicability 
domain of the regression network are shown. The logarithmic scale was used to 
facilitate the visualization. (For interpretation of the references to colour in this 
figure legend, the reader is referred to the Web version of this article.)
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distance of the new sample to the center of the model. The second was 
the sum of squared spectral residuals obtained by reconstructing the 
spectrum from a lower dimensional space. For the latter, two approaches 
were studied, either using an autoencoder or a decoder. The autoen
coder was trained independently on the regression network, while the 
decoder used the activations from the hidden layer of the regression 
network. Both approaches indicated how well the prediction spectrum 
could be reproduced from the training data. Large spectral residuals 
indicated a spectrum outside the applicability domain and a question
able prediction.

When applied to the prediction of the density of diesel fuel samples 
from their MIR spectra using a neural network, thirteen spectra were 
identified outside the AD with Q and D2 values higher than the limits 
simultaneously. Nine of them were found to have high prediction errors. 
Although their prediction should not be trusted for the remaining 
samples, the prediction errors were not abnormally high. The second 
study case was the prediction of the fat content of meat samples from the 
NIR spectra. All test spectra, known as extrapolations, were outside the 
AD and had high prediction errors. While the initial hypothesis that the 
decoder might outperform the autoencoder could not be confirmed, 
both methodologies had a consistent behavior.
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S. Boyer, B. Zupan, J. Stålring, Assessment of machine learning reliability methods 
for quantifying the applicability domain of QSAR regression models, J. Chem. Inf. 
Model. 54 (2014) 431–441, https://doi.org/10.1021/ci4006595.

[32] L. Shen, D. Cao, Q. Xu, X. Huang, N. Xiao, Y. Liang, A novel local manifold-ranking 
based K-NN for modeling the regression between bioactivity and molecular 
descriptors, Chemom. Intell. Lab. Syst. 151 (2016) 71–77, https://doi.org/ 
10.1016/j.chemolab.2015.12.005.

[33] F. Sahigara, D. Ballabio, R. Todeschini, V. Consonni, Defining a novel k-nearest 
neighbours approach to assess the applicability domain of a QSAR model for 
reliable predictions, J. Cheminform. 5 (2013) 1–9, https://doi.org/10.1186/1758- 
2946-5-27.

[34] R. Todeschini, D. Ballabio, V. Consonni, F. Sahigara, P. Filzmoser, Locally centred 
Mahalanobis distance: a new distance measure with salient features towards outlier 
detection, Anal. Chim. Acta 787 (2013) 1–9, https://doi.org/10.1016/j. 
aca.2013.04.034.

[35] I. Sushko, S. Novotarskyi, R. Körner, A.K. Pandey, A. Cherkasov, J. Li, 
P. Gramatica, K. Hansen, T. Schroeter, K.R. Müller, L. Xi, H. Liu, X. Yao, T. Öberg, 
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