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ABSTRACT: Vitamin B6 derivatives (VB6Ds) are of great importance for all living organisms to complete their physiological
processes. However, their excess in the body can cause serious problems. What is more, the qualitative and quantitative analysis of
different VB6Ds may present significant challenges due to the high similarity of their chemical structures. Also, the transfer of deep
learning model from one task to a similar task needs to be present more in the fluorescence-based biosensor. Therefore, to address
these problems, two deep learning models based on the intrinsic fingerprint of 3D fluorescence spectra have been developed to
identify five VB6Ds. The accuracy ranges of a deep neural network (DNN) and a convolutional neural network (CNN) were 94.44−
97.77% and 97.77−100%, respectively. After that, the developed models were transferred for quantitative analysis of the selected
VB6Ds at a broad concentration range (1−100 μM). The determination coefficient (R2) values of the test set for DNN and CNN
were 93.28 and 97.01%, respectively, which also represents the outperformance of CNN over DNN. Therefore, our approach opens
new avenues for qualitative and quantitative sensing of small molecules, which will enrich fields related to deep learning, analytical
chemistry, and especially sensor array chemistry.

■ INTRODUCTION

Vitamin B6 is one of the most important organic cofactors for a
large number of enzymes for all organisms (eukaryotic and
prokaryotic).1 In addition to its important role in enzymatic
processes such as fatty acid and amino acid metabolism,2−4 it
inhibits reactive oxygen species, and it is regarded as a potential
fungal antioxidant.5 Hence, all organisms need vitamin B6, and
they have to synthesize it or obtain it from food.5 Also, a high
intake of vitamin B6 in the diet was associated with a lower risk of
death from stroke, coronary heart disease, and heart failure.4 In
contrast, a low intake of vitamin B6 was associated with a higher
risk of colorectal cancer.6 Vitamin B6 intake also has a significant
effect on modulating some parameters of the colon, including
several gene expressions and several free amino acids.7 On the
other hand, other researchers have indicated that very high doses
of vitamin B6 (≥200 mg/kg) can cause several problems in the
nerve system, including the loss of body control (ataxia),
peripheral nerve damage,8 and damage of sensory fibers in
peripheral nerves, which is hard to return to normal after
treatment.9,10 Furthermore, it can affect reproductive health. For

instance, pyridoxine at 0.5 or 1 g/kg is associated with a decrease
in the formation andmotility of sperms. Also, the weight and the
histology of the testes can be changed.11,12 It is important to
note that the normal daily allowance of vitamin B6 for adults is
approximately between 1 and 2 mg.13 Of note, the derivatives of
vitamin B6 include pyridoxine, pyridoxal, pyridoxamine,
pyridoxal 5′-phosphate, and pyridoxamine 5′-phosphate.1,14
Pyridoxine and phosphorylated derivatives are considered the
main dietary forms of VB6Ds.15 Pyridoxal 5′-phosphate is
regarded as a biologically active form of VB6Ds and participates
in many enzymatic reactions. Pyridoxamine is a minor form of
VB6, which onlyamong all other VB6Dscan deactivate
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advanced glycation end product formation.14 Also, it is found to
correlate with other diseases, including obesity, endothelial
dysfunction, and kidney dysfunction.14 However, to the best of
our knowledge, to date, there is no publication for the qualitative
and quantitative analysis of vitamin B6 derivatives (VB6Ds)
based on the sensor array.
Recently, gold nanoclusters (AuNCs) have been used in the

field of sensing construction due to their advantages, which
include their stability, ease of preparation, large Stokes shift, and
low toxicity. Therefore, such advantages could qualify them for
medical and environmental uses.16,17 These applications include
protein detection, biomarker identification and monitoring,
biological imaging, drug and small molecule detection, heavy
metal ion detection, bacteria identification, and others.16−24

Despite the different uses of AuNCs, they are used for sensing in
a lock-and-key method (one receptor for one target). Therefore,
this method is not suitable for identifying more than one target
with similar chemical structures. Accordingly, using the sensor
array that simulates smell and taste in humans may be the best
choice to differentiate betweenmore than one target. The sensor
array approach is based on the collection of multiple responses
for each target, which facilitates the identification of each
target.25−27 The dependence of this approach on the analysis of
different response patterns rather than specific interactions
between receptors and targets is regarded as one of its most
important advantages.28 However, many publications based on
this approach used several probes for collecting differentiable
response patterns as much as possible to differentiate different
analysts,29,30 which increases the workload and the cost.
Therefore, a simple, stable, and sensitive detection approach
using AuNCs as a single probe for sensor array construction to
identify and quantify different analytes with similar chemical
structures is highly needed.
Artificial intelligence currently represents a new way to solve

problems related to scientific research.21,31 Deep learning is one
of the most important branches of artificial intelligence that is
used in many research fields.32−35 Deep learning includes
advanced algorithms that can find complex relationships in
complex environments, which traditional algorithms might
not.21,35 The combination of deep learning with analytical
chemistry led to a great development, which demonstrated the
power of deep learning to analyze images of cancer
patients.36−38 The deep neural network (DNN)-based surface-
enhanced Raman spectrometry has also been used to differ-
entiate between cancer suppression genes with an accuracy of
90%.39 A convolutional neural network (CNN) was also used

for spectrum analysis, as it was used to predict the
concentrations of mixtures of amino acids with a determination
coefficient of 99%.40 It is worth noting that CNN is one of the
most important deep learning algorithms, and therefore, it has
been used in many bio-analytical analysis tasks.41 Also, Lu et al.
used CNN to identify single microbial cells with 95% accuracy.42

What is more, CNN is less dependent on the preprocessing step
as in the other chemometric approaches,35 where CNN
automatically extracts features.32 Moreover, CNN uses con-
volution operators, which enables it to solve problems with high
computational costs, as in the case of classifying a large number
of images with different quality.32 Furthermore, in convolutional
layers, kernels are used to produce feature mapping. Including
these layers will reduce parameters (so-called weight sharing)
and will make these layers learn correlations from neighboring
pixels (so-called local connectivity).32,43 What is more, trans-
ferability is regarded as one of the most important characteristics
of CNN.44 Transfer learning means training the model to solve a
problem and then re-using it in another similar problem, which
means that the new problem can be solved with the least possible
data set.45 Although transfer learning has been used in the
medical field,44,45 it did not get much attention in the
fluorescence-based biosensor field.
Furthermore, our previous study presented a fluorescence

quenching effect that has been found due to the interaction of
cysteamine/N-acetyl-L-cysteine/AuNCs (Cys/NAC−AuNCs)
and pyridoxal phosphate (PLP) through the photoinduced
electron transfer (PET) mechanism.46 Therefore, depending on
this phenomenon, we hypothesized that different VB6Ds could
be identified. Inspired by all of these studies, in our study, a deep
learning approach-based sensor array has been developed for the
qualitative analysis of five VB6Ds. First, a Cys/NAC−AuNCs
solution was used as a single probe, and 3D fluorescence data
resulting from the interaction of the probe and different VB6Ds
was used as input data. The 3D fluorescence data was used as a
full fingerprint to cover as many distinct emission and excitation
regions as possible due to the interaction between the receptor
and targets. Next, DNN and CNN were selected for our study,
and several classification metrics were used to evaluate and
compare our models. After that, the established models were
transferred to quantify the selected VB6Ds at nine concen-
trations, and several prediction metrics were used to evaluate
and compare our models. To the best of our knowledge, this is
the first study to identify and quantify the different VB6Ds based
on a fluorescence sensor array. Scheme 1 shows the general
procedures of our approach.

Scheme 1. Schematic Illustration of the Deep Learning-Based Fluorescence Sensor Array for Qualitative and Quantitative
Analysis of VB6Ds
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■ EXPERIMENTAL SECTION

Deep Learning Model Building and Optimization. The
data set was split randomly into three sets: training, validation,
and test set (6:2:2, respectively). The training set was used to
perform the actual training for our model, while the validation
set was used for the fine-tuning of the model hyperparameter
after each epoch, which let the model reach the optimal
performance. Accordingly, the test set was used to report the
final model accuracy. For the training process, DNN and CNN
were separately employed (Figure S2). The Keras and
Tensorflow, Python deep-learning libraries, were used in our
study. First, in the case of qualitative analysis, DNN and CNN
both consist of five layers, including one input layer, three
hidden layers, and one output layer (Figure S2). It is important
to know that the batch size and the activation function of the
hidden layers were tuned using GridSearchCV. Furthermore,
fivefold cross-validation was applied to overcome the chance of
overfitting, reduce the high sensitivity for a particular data point,
and reduce the high sensitivity for a specific class as much as
possible. Also, it is useful for checking howwell themodels could
perform on a new data set.47 It is worth mentioning that in the
fivefold cross-validation step, the training set was divided into
five parts, and each time the data used one part as a test set and
the rest as a train set, then repeated the process 5 times so that
the test set can cover all parts. After that, the models were trained
repeatedly for 100 epochs. Then, the relationship between the
loss/accuracy values and epochs’ number was monitored to
select the optimized epoch number according to the minimal
value of the validation loss.
Second, the transfer learning approach was applied for the

quantitative analysis. The number of layers, activation function
of hidden layers, and batch size were used in the same manner as
the qualitative analysis (Figure S3). What is more, the models
were trained repeatedly for 10,000 epochs, and the epoch
number was monitored in the same manner as the qualitative
analysis. Of note, sparse categorical cross-entropy was applied as
a loss function to train the deep learning models in the
qualitative analysis. However, mean squared error was used as a
loss function to train the deep learning models in the
quantitative analysis. Also, Adam was used as the optimizer for
the qualitative and quantitative analyses.
Deep Learning Model Evaluation. In the case of the

qualitative analysis, the models’ results were evaluated using
accuracy, precision, recall, and F1 score. The classifier precision
was regarded as the accuracy of the positive predictions. The
precision was usually used with recall (also called sensitivity or
the true positive rate), which means the corrected positive ratio
that was detected using a classifier. F1 score is regarded as a
combination of precision and recall. It is usually used in
classification as a simple way to compare multi-classifiers. F1
score is also regarded as a harmonic mean of precision and recall.
Thus, the F1 score grants more weight to lower values, which is
opposite to the normal mean that treats all values equally.
Therefore, the F1 score will be high only in the case when
precision and recall will have high values.48

= +
+ + +

Accuracy
(TP TN)

(TP TN FP FN) (1)

=
+

Precision
TP

(TP FP) (2)

=
+

Recall
TP

(TP FN) (3)

= ×
×
+

F1 score 2
precision recall
precision recall (4)

where TP and TN are equal to the number of true positive and
true negative, respectively. Also, FP and FN represent the
number of false positives and false negatives, respectively.
On the other hand, for the quantitative analysis, the models’

results were evaluated using mean square error (MSE), root
MSE (RMSE), mean absolute error (MAE), median absolute
error (MedAE), and determination coefficient (R2).49 RMSE
expresses the amount of error committed by the model during
the predictions task,48 and it is the square root of MSE as present
in the following equations.50 MAE is similar to RMSE; however,
it is less sensitive to outliers than RMSE.48 MAE and RMSE are
also called L1 and L2 distances, respectively.51 MedAE is very
important because it is robust in the case of outliers. It is the
average of all the absolute differences between the real and
expected values.52 R2 measures the amount of variance in
concentrations (dependent variables) that can be forecasted
from fluorescence spectra (independent variables).53 Thus, R2 is
useful to predict the applicability of the models for unseen data
(test set as an example).
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where m represents the number of samples, and yi and ŷi are
actual and predicted values of the ith sample, respectively. Also, y̅
represents the mean of the actual values.

■ RESULTS AND DISCUSSION
Characterization and Modulation of the Fluorescence

of the Sensor Array Probe.Our previous study indicated that
the quenching effect was shown in the fluorescence of Cys/
NAC−AuNCs due to the interaction of Cys/NAC−AuNCs and
different concentrations of pyridoxal 5′-phosphate (PLP). This
effect resulted from the PET mechanism.46 Therefore, in this
study, Cys/NAC−AuNCs solution has been prepared and used
as a single probe for the qualitative and quantitative analysis of
five VB6Ds based on the different 3D fluorescence spectra
resulting from the interactions between the Cys/NAC−AuNCs
and the individual VB6Ds. Of note, the five VB6Ds are
pyridoxine, pyridoxal, pyridoxamine, pyridoxal 5′-phosphate,
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and pyridoxamine 5′-phosphate. Accordingly, the synthesis of
Cys/NAC−AuNCs was proved by transmission electron
microscopy. Figure S4 exhibits that Cys/NAC−AuNCs were
mono-dispersed spheres.
Figure 1 presents different 3D fluorescence spectra resulting

from mixing Cys/NAC−AuNCs with five VB6Ds individually.
We can realize the notable differences between the 3D
fluorescence spectra of the probe (Figure 1A) and the 3D
fluorescence spectra resulting from the interaction of the probe
and different VB6Ds (Figure 1B−F). These differences may be
resulting from the different functional groups of the target
molecules.54 Although there are similarities in function groups
that result in the production of similar 3D fluorescence spectra
of different VB6Ds, there are also differences in fluorescence
intensity, especially at the beginning of the excitation range
(300−350 nm), as shown in Figure 1B−F. In general, there are
apparent fluctuation effects in the fluorescence spectra of Cys/
NAC−AuNCs as a result of adding different VB6Ds. These
effects are also noted when comparing the fluorescence spectra
of different VB6Ds at 600 nm under an excitation wavelength of
425 nm, as shown in Figure S5.
Figure S5 clearly shows the presence of two characteristic

regions that fluorescence spectra change across: region 1 (470−
510 nm) and region 2 (510−750 nm). Of note, region 2 is
characteristic of fluorescence spectra of Cys/NAC−AuNCs.46
As seen, the mixture of probe−pyridoxal 5′-phosphate has an
obvious enhancement effect and obvious quenching effect in
regions 1 and 2, respectively. However, the mixture of probe−
pyridoxamine 5′-phosphate has quenching effects across the two
regions. On the other hand, the mixture of probe−pyridoxine,
probe−pyridoxal, and probe−pyridoxamine shows a few
enhancement effects. Also, the mixture of probe−pyridoxine
and probe−pyridoxal has almost the same fluorescence spectra.
Therefore, we assume that using the entire fingerprint
fluorescence spectrum (3D fluorescence spectra), including all
its distinct spectral regions, can help us identify very similar

compounds. Also, the use of deep learning algorithms can help
in the identification of similar compounds by extracting distinct
information for each VB6Ds.

Deep Learning Model Optimization and Selection of
Optimal Hyperparameter. As we mentioned above, DNN
and CNN have been used for the qualitative analysis. First, for
getting models with optimal parameters and hyperparameters,
Adam has been selected as an optimizer in our study, where it is
considered the best optimizer in spectral analysis.34,35,55−58

Also, sparse categorical cross-entropy,59 accuracy, and softmax38

have been considered as the loss function, metrics, and
activation function of the output layer, respectively. After that,
the DNN and CNN having five layers were constructed and
considered for our purpose (Figure S2). Subsequently, the
constructed models with GridSearchCV were considered to find
the rest of the hyperparameters, namely, batch size and
activation function of the hidden layers. Accordingly, our result
revealed that the best accuracy of the DNNmodel was achieved
when the activation was linear and the batch size was 16. While
the best accuracy of the CNN model was achieved when the
activation was Rectified Linear Unit (ReLU) and the batch size
was 32. Of note, the equations of linear and ReLU are “f(x) = x”
and “f(x) = max(0, x)”, respectively.60 Therefore, these
hyperparameters have been considered in the rest of our study.
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where m represents the number of samples; yi and ŷi are actual
and predicted values of the ith sample, respectively; and f(zi)
represents the output of the ith neuron.

Figure 1. 3D fluorescence spectra of (A) Cys/NAC−AuNC and the mixture of Cys/NAC−AuNC with (B) pyridoxine, (C) pyridoxal, (D)
pyridoxamine, (E) pyridoxal 5′-phosphate, and (F) pyridoxamine 5′-phosphate at 100 μM.
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Deep Learning Models for Qualitative Analysis of
Vitamin B6 Derivatives. The loss function of DNN and CNN
converged in the training process at 100 epochs (Figure S6).
Also, the best results have been considered according to the
lowest value of the validation loss. Accordingly, Figure 2
represents the best result found at 44 and 39 epochs for DNN
and CNN, respectively. Furthermore, the performances of DNN

and CNN have been presented in Figure 3. First, for the training
set, there is an overlap between pyridoxine and pyridoxal in the
case of DNN (Figure 3A). Three data points of pyridoxal have
been identified as pyridoxine. These may be due to the high
structural similarity between pyridoxine and pyridoxal. How-
ever, for CNN, no overlap has been seen (Figure 3D). Second, in
the validation set of DNN, also, there are overlaps between

Figure 2.Convergence curves during the fine-tuning process in themodels’ training and validation at the selected epochs’ number (44 and 39 for DNN
and CNN, respectively). (A,B) Loss and accuracy of DNN, respectively. (C,D) Loss and accuracy of CNN, respectively.

Figure 3. (A−C) Confusion matrix of DNN for the train, test, and validation set, respectively. (D−F) Confusion matrix of CNN for the train, test, and
validation set, respectively. Samples marked as 0−4 correspond to pyridoxine, pyridoxal, pyridoxamine, pyridoxal 5′-phosphate, and pyridoxamine 5′-
phosphate, respectively.
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pyridoxine and pyridoxal. Besides, there is a single overlap
between pyridoxine and pyridoxamine. Also, the overlaps have
been seen between pyridoxine and pyridoxal 5′-phosphate and
between pyridoxamine and pyridoxal 5′-phosphate (Figure 3B).
On the other hand, in the validation set of CNN, there are two
overlaps between pyridoxine and pyridoxal 5′-phosphate and
between pyridoxamine and pyridoxal 5′-phosphate (Figure 3E).

Finally, the test set of DNN showed the overlaps between
pyridoxine, pyridoxal, and pyridoxal 5′-phosphate. In contrast,
the test set of CNN showed the overlaps between pyridoxine
and pyridoxamine. All these overlaps are due to the strong
similarity in chemical structures and functional groups of
VB6Ds. Altogether, the performance of CNN is better than the
performance of DNN in the qualitative analysis of VB6Ds.

Table 1. Classification Report of DNN and CNN Models’ Performance for the Qualitative Analysis of Five VB6Ds Using 3D
Fluorescence Data

train set (accuracy = 0.99) validation set (accuracy = 0.94) test set (accuracy = 0.98)

DNN precision recall F1 score precision recall F1 score precision recall F1 score

0a 0.95 1.00 0.97 0.85 0.94 0.89 0.95 1.00 0.97
1 1.00 0.94 0.97 1.00 0.89 0.94 1.00 0.89 0.94
2 1.00 1.00 1.00 1.00 0.89 0.94 1.00 1.00 1.00
3 1.00 1.00 1.00 0.90 1.00 0.95 0.95 1.00 0.97
4 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
macro-average 0.99 0.99 0.99 0.95 0.94 0.94 0.98 0.98 0.98
weighted average 0.99 0.99 0.99 0.95 0.94 0.94 0.98 0.98 0.98

train set (accuracy = 1.00) validation set (accuracy = 0.98) test set (accuracy = 0.98)

CNN precision recall F1 score precision recall F1 score precision recall F1 score

0a 1.00 1.00 1.00 1.00 0.94 0.97 1.00 0.89 0.94
1 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
2 1.00 1.00 1.00 1.00 0.94 0.97 0.90 1.00 0.95
3 1.00 1.00 1.00 0.90 1.00 0.95 1.00 1.00 1.00
4 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
macro-average 1.00 1.00 1.00 0.98 0.98 0.98 0.98 0.98 0.98
weighted average 1.00 1.00 1.00 0.98 0.98 0.98 0.98 0.98 0.98

aSamples marked as 0−4 correspond to pyridoxine, pyridoxal, pyridoxamine, pyridoxal 5′-phosphate, and pyridoxamine 5′-phosphate, respectively.

Figure 4.Convergence curves during the fine-tuning process in the models’ training and validation at the selected epochs’ number (9253 and 2622 for
DNN and CNN, respectively). (A,B) Loss and determination coefficient (R2) of DNN, respectively. (C,D) Loss and determination coefficient (R2) of
CNN, respectively.
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Additionally, DNN and CNN have been fully compared using
a complete classification report, as shown in Table 1. As we
mentioned above, the F1 score will have a high value when
precision and recall have high values. Therefore, the precision
and recall of the train set of DNN have values ≥95% (except the
recall value of pyridoxal that equals 94.44%). Accordingly, the
value of the F1 score is ≥97%. Turning to the train set of CNN,
the precision and recall have values equal to 100%. Accordingly,
the value of the F1 score is 100%. Therefore, the F1 score
expresses the balance between precision and recall. This
observation becomes clear in the validation set of DNN,
where the values of precision and recall are 85 and 94.44%,
respectively; accordingly, the F1 score is 89.47%. Also, the same
concept can be applied to the rest values of the DNN model. At
the same time, in the validation set of CNN, pyridoxine and
pyridoxamine have the same precision and recall values of 100
and 94.44%, respectively; hence, the F1 score is equal to 97.14%
for each. Furthermore, pyridoxal and pyridoxamine 5′-
phosphate have the same precision and recall values of 100%;
thus, the F1 score is equal to 100%.
It is important to mention that in the macro-average

approach, the contribution of all classes in the final averaged
metric is equal regardless of their size in the data set. Therefore,
it is useful to use it with imbalanced data to deal with and give
weight to each class equally. In contrast, in the weighted-average
approach, the classes’ contribution in the final averaged metric is
according to their size in the data set. Therefore, we can see that
the macro-average and weighted-average approaches have the
same score in the case of precision, recall, and F1 score. This
result might be due to using the balanced data for each type of
VB6Ds (54, 18, and 18 data points for the train, validation, and
test, respectively), where the contribution and size of each
individual of VB6Ds are equal (Table 1). Therefore, the models’

performance was highlighted in all classes equally. Altogether,
there is no doubt that CNN outperforms DNN. This powerful
performance of CNN might be due to its ability to learn and
extract remarkable features without any previous knowl-
edge.32,35 Additionally, the ROC curve and area under the
curve have been presented in the Supporting Information
(Figure S7). What is more, a comparison between principal
component analysis (as an example of the traditional
algorithms) and our selected deep learning model has been
presented in Figure S8.

Deep Learning Model Transferring for Quantitative
Analysis of Vitamin B6 Derivatives. Generally, transfer
learning refers to the approach that is used to solve a problem
using information gained from a similar problem.45 Therefore,
after we successfully identified the five VB6Ds, we transferred
the same DNN and CNN models for quantitative analysis. It is
important to mention that there is no difference in the neural
network construction, except for increasing the number of
iterations to 10,000 and changing the output layer to fit with
quantitative analysis (concentrations’ prediction task), as shown
in Figure S3. After that, the models have been trained with the
same data set to fine-tune the parameters according to the
required output layer (concentrations’ prediction task). Of note,
in this case, the data set consists of nine concentrations for five
VB6Ds with 10 replicates. Figure S9 presents the training history
of DNN and CNN models at 10,000 epochs. In the same
manner, the best results have been considered according to our
previous criteria (the lowest value of the validation loss).
Accordingly, Figure 4 represents that the best results were found
at 9253 and 2622 epochs for DNN and CNN models,
respectively.
Figure 5 represents the linear relations between predicted and

actual concentration values of five VB6Ds. It is worth knowing

Figure 5. Quantitative analysis of five VB6Ds. (A−C) Predicted vs actual concentrations of the train, validation, and test set for the DNN model,
respectively. (D−F) Predicted vs actual concentrations of the train, validation, and test set for the CNNmodel, respectively.R2 is placed on the figure as
an example to illustrate the overall performance of the models. More details about the data points of the test set can be seen in Table S1.
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that the presented R2 and other metrics present the overall
performance. The R2 values indicated the satisfactory perform-
ance of the DNN model for the test set of 93.28%. As expected,
the performance of the CNN model showed a better result,
mainly in the test set of 97.01%. This result presents that the
CNNmodel outperforms the DNNmodel. What is more, Table
S1 (test set as an example) clearly shows this impression due to
the presence of minus values in the concentrations prediction of
the selected VB6Ds using DNN, which did not present in the
concentrations’ prediction results of CNN. These results
emphasize the ability of CNN to extract more intrinsic
information from raw spectra.33,35

Although some researchers presented the superiority of some
metrics over others, we believed that the combination of several
metrics might be better to evaluate the models’ performance
accurately.61 Therefore, in Table 2, we presented five metrics for

models’ evaluation and comparison. As shown in Table 2,
MedAE showed the lowest value in all groups than other values.
This result indicated that MedAE is more robust and less
affected by outliers, even lesser than MAE. Of note, the CNN
model surpassed DNN by a decrease of 31, 34, and 32% of MAE
in the train, validation, and test set, respectively. Furthermore,
the CNN model surpassed DNN by a decrease of 35, 77, and
66% of MedAE in the train, validation, and test set, respectively.
Moreover, the CNNmodel surpassed DNN by a decrease of 47,
13, and 55% of MSE in the train, validation, and test set,
respectively. Also, the CNN model surpassed DNN by a
decrease of 47, 7, and 33% of RMSE in the train, validation, and
test set, respectively. The previous publications revealed that the
lower value of MSE and RMSE and the higher value of R2 led to
better models’ performance and accuracy.62,63 What is more,
small values of RMSE (also MSE) indicated that the obtained
models are not susceptible to overfitting.64 Thus, there may be a
slight tendency for overfitting in the test set of DNN, where the
values of MSE and R2 are 81.05 and 93.28%, respectively.
Altogether, these results indicate the superiority of CNN for
qualitative and quantitative analysis of VB6Ds over DNN.
Therefore, 3D fluorescence of Cys/NAC−AuNCs based on
deep learning could be successfully applied for qualitative and
quantitative analysis of VB6Ds. What is more, other statistical
analyses can be found in the Supporting Information (Tables S2
and S3).
Furthermore, the limit of detection (LOD) of pyridoxal 5′-

phosphateas an example for the rest of VB6Dsis presented
in the Supporting Information (Figure S10). Pyridoxal 5′-
phosphate is the biologically active form and acts as an enzyme
cofactor and regulator for many enzymatic reactions.14

Accordingly, we chose it in our study as an example of the
LOD study. Using partial least squares regression, the LOD of
pyridoxal 5′-phosphate was calculated to be 16.95 nM.65,66 Also,

the dynamic range was 0.1−100 μM. Moreover, other analytical
aspects, including the applicability of our approach in real
samples can be found in Table S4. Also, the effect of themixtures
of VB6Ds on the analytical performance of our proposed
approach at different concentrations can be found in Table S5.
Our results demonstrate that our optimized models can achieve
excellent accuracy and efficiency in different applications
including real samples application and multiplex detection
with negligible effect on the analytical performance when using
an adequate training set.

■ CONCLUSIONS
Altogether, a deep learning approach has been well-established
based on subtle information of different 3D fluorescence spectra.
The interaction of Cys/NAC−AuNCs and different VB6Ds led
to varying changes in the 3D fluorescence of Cys/NAC−
AuNCs. Therefore, Cys/NAC−AuNCs solution has been used
as a single probe for qualitative and quantitative analysis of five
VB6Ds. Our proposed deep learning-based approach is simple,
fast, low-cost, and accurate, with an accuracy reach of 97.77% for
the CNN model in the test set. The proposed deep learning-
based approach has been transferred to solve the concentrations’
prediction task with a broad concentration range (1−100 μM).
It should be noted that the concentration range used (1−100
μM) is much lower than the normal intake range of vitamin B6
(1−2 mM). Additionally, also for the quantitative analysis, the
CNN model was superior to the DNN model, and the R2 of the
test set for the CNN model was 97.01%. Therefore, our results
confirmed the superiority of the CNN model for the qualitative
and quantitative analysis of VB6Ds. Also, issues such as LOD,
real sample application, and multiplex detection have been
highlighted in our study. In the future, using a single probe to
build the sensor array will reduce the cost, decrease the
workload, increase the accuracy, and improve the specificity.
Also, the combination between deep learning algorithms and
subtle fingerprint information of different 3D fluorescence
spectra derived from the interaction of AuNCs and small
molecules opens a new window for the qualitative and
quantitative analyses of small molecules in complex media.
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