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ABSTRACT: Interpreting spectral data to analyze the structure
and properties of unknown chemicals requires a lot of time and
effort. Herein, we developed a machine-learning model that
simultaneously trains on multiple spectroscopic data to identify
functional groups of compounds more accurately and quickly. An
artificial neural network model trained on Fourier-transform
infrared, proton nuclear magnetic resonance, and 13C nuclear
magnetic resonance together identified 17 functional groups with a
macro-average F1 score of 0.93, outperforming the model using a
single type of spectroscopy. The results indicated that training a
machine-learning model with multiple spectral data can provide
more accurate structural analysis when analyzing the structure of
unknown chemicals, as can using multiple spectroscopy methods
simultaneously.

■ INTRODUCTION
A functional group is a specific group of atoms that determine
the properties and reactivity of a compound. Therefore, the
identification of functional groups is the fundamental and
central task across all fields of chemistry to reveal the structure
and properties of unknown chemicals.1−7 In particular,
monitoring changes in functional groups that occur during
chemical reactions has contributed significantly to the
discovery and design of reaction mechanisms.4,8,9 As an
example, in the pharmaceutical field, functional group
identification has been critical in aiding the validation of
drug formulations and ensuring quality control of incoming
and outgoing materials.10,11 Recently, in situ/operando
functional group identification studies have been extensively
conducted in the analysis of catalyst performances related to
renewable energy applications, including hydrogen produc-
tion/storage/utilization, carbon capture/utilization/storage,
and nitrogen cycle.12,13

Spectroscopic instruments such as Fourier-transform infra-
red (FT-IR), nuclear magnetic resonance (NMR), and Raman
spectroscopy are the best-known assays to identify the
functional groups in compounds. However, interpretation of
these spectral data is often challenging. For example, peak
tables are generally used to interpret spectral data, but the peak
ranges of some functional groups may vary depending on the
structure of the compound or the experimental conditions.14 In
addition, the spectral interpretation is prone to error because it
relies on the intuition and experience of the analyst. Computer
programs have been developed that utilize spectral databases to
quickly and accurately retrieve functional group analysis,15,16

but building a database of numerous compounds is expensive
and requires continuous updating for new compounds.
Machine learning is a computer program that improves the

performance of tasks by learning through experience.17

Collaborations using machine learning have been actively
conducted in analytical chemistry fields. For example, various
studies in spectroscopy analysis have been conducted utilizing
machine learning to qualitatively and quantitatively analyze
matrix18,19 and noise reduction.20 Research has also been done
on combining FT-IR21−23 or NMR24−26 spectra with machine
learning to predict molecular structure. However, it is difficult
to predict the molecules with a single spectral-based model
since each method provides only partial information about the
molecule. Therefore, recent studies have reported combining
FT-IR, NMR, and Mass spectrometry (MS) spectral data to
improve the functional group prediction performance of
machine-learning models.27,28 These results showed that the
machine-learning models using multiple spectral data can
improve compound structure prediction, as experts would
analyze multiple spectra simultaneously. However, the
processes of obtaining multiple spectra using the series of
analysis methods can be very time-consuming and difficult
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depending on the research environment or the number of
samples.29,30 Therefore, increasing the level of functional group
prediction with a minimum combination of analytical equip-
ment is a pressing challenge in a related field.
Traditionally, FT-IR and NMR (1H, 13C) are minimal

analytical combinations that have been used together
complementarily in many fields to identify the structures of
various organic molecules.31−35 In addition, it is easy to build a
machine-learning database with freely available FT-IR and
NMR reference data elsewhere.36,37 In this study, therefore, we
present a machine-learning approach that integrates FT-IR, 1H
NMR, and 13C NMR spectral data for the simultaneous
identification of 17 functional groups in compounds (Figure
1). This model can analyze a wide range of functional groups,
including nitrogen and halogen elements, and even mixtures,
thereby outperforming existing models in the literature in
terms of performance and applicability.23,26−28 By applying an
artificial neural network (ANN) model, the integrated spectral
data identified functional groups with a macro-average F1
score of 0.93, which is an improvement over 0.88 for the model
trained on FT-IR spectral data. These results demonstrate that
combining FT-IR and NMR spectral data can not only
significantly improve the performance of predicting various
functional groups but also enable functional group prediction
for certain spectra (such as nitriles, alkyl halides, ethers, etc.)
that are typically difficult to analyze with FT-IR and NMR due
to weak signals. The ultimate goal in this field is to determine
the functional groups of unknown mixtures through machine
learning of various NMR and FT-IR spectral data. Therefore,
we believe that the results of predicting functional groups using
machine learning can pave the way toward the research in the
direction of predicting the analysis of intermediates during
various chemical reactions.

■ METHODS
Data Collection and Preprocessing. For machine-

learning approaches, FT-IR, 1H NMR, and 13C NMR spectra

of 3027 compounds were collected. This data set consisted of
compounds with a maximum molecular weight of 522 g/mol
and up to 36 carbon atoms. FT-IR spectra of compounds in
the gas phase were collected from the NIST chemistry
WebBook.38 Additional FT-IR spectra for external validation
were also obtained from the NIST Chemistry WebBook. All
FT-IR spectra were transformed into 1108 vectors representing
wavelengths from 400 to 4000 cm−1 with 3.25 cm−1 resolution.
Transmittance values were transformed into absorbance values
to improve model training, and min-max normalization was
applied by dividing each absorbance value by the maximum
absorbance value of the data. Missing values resulting from this
process were estimated by linear interpolation.

1H and 13C NMR spectra were obtained from the SDBS
database.37 Additional 1H and 13C NMR spectra for external
validation were obtained from the SDBS database and CAS
SciFinder.39 Since chemical shifts can vary depending on the
solvent used, NMR spectra recorded only in CDCl3 solvent
were considered to ensure consistency.40 1H NMR spectra
used in training of models was measured with a JEOL FX-90Q
(89.56 MHz), a JEOL GX-400 (399.65 MHz), or a JEOL AL-
400 (399.65 MHz). 13C NMR spectra used in training of
models was measured with a NEVA NV-14 (15.087 MHz), a
JEOL FX-90Q (22.530 MHz), a Varian XL-100 (25.160
MHz), a Bruker AC-200 (50.323 MHz), a JEOL FX-200
(50.183 MHz), a JEOL GX-400 (100.535 MHz), or a JEOL
AL-400 (100.40 MHz). 1H NMR spectra used in predicting
compounds was measured with a Bruker AVANCE III 500
(500.15 MHz). 13C NMR spectra used in predicting
compounds was measured with a Bruker AVANCE III 500
(125.775 MHz). NMR spectra were preprocessed by data
binning, which is the generally used process of grouping
continuous data into specific categories to reduce the data
dimensionality. NMR spectral points were divided into specific
bins and replaced with values representing those bins. For 1H
NMR, the range of 1−12 ppm was divided into 12 bins with 1
ppm interval, and for 13C NMR, the range of 1−220 ppm was

Figure 1. Overview of the machine-learning methodology for the classification of functional groups using FT-IR and NMR spectra.
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divided into 44 bins with 5 ppm interval. 1H NMR and 13C
NMR spectra were each divided at bins of a constant length,
and the number of bins for each kind of spectra was labeled
with NH and NC. The 1 or 0 was assigned depending on
whether there is a peak in a particular bin or not. The intensity
value was ignored. We tried to train using the intensity data of
the NMR spectra but found that the model performed better
when we excluded the data. The reason was that, unlike FT-IR
where the spectral data is present in most of the wavenumber
range, NMR spectral data is sparse, consisting mostly of zeros,
which leads to the “curse of dimensionality” and can degrade
model performance.25 To address this issue, we trained the
model using large bin intervals, which helped to alleviate the
data sparsity but made it challenging to incorporate intensity
information. Consequently, the model was trained to recognize
only the presence or absence of peaks, which is expected to
improve the performance of the model by incorporating the
whole information on NMR spectral data without the curse of
dimensionality.
Functional Group Assignment. FT-IR, 1H NMR, and

13C NMR spectra of 3027 compounds were collected. For each
compound, the presence of 17 functional groups (aromatic,
acyl halide, ether, alcohol, ester, methyl, nitro, alkane,
carboxylic acid, amine, aldehyde, alkyne, ketone, alkyl halide,
amide, alkene, and nitrile) was determined using SMARTS
strings, which is a line notation that encodes molecular
structures as short ASCII strings. We selected 17 functional
groups based on previous work.27 Table S1 shows the
SMARTS strings of 17 functional groups. We generated target
data for classification by assigning 0 or 1 depending on the
absence or presence of a specific functional group. Figure S1
illustrates the distribution of compounds used in modeling,
organized according to their specific functional groups. There
are more than 1000 compounds containing aromatic, methyl,
and alkane, while there are fewer than 100 compounds
containing acyl halide, aldehyde, alkyne, and amide.
ANN Model. ANN is one of the most used machine-

learning algorithms, which is inspired by the principle and
structure of neurons. An ANN model consists of an input layer,
one or several hidden layers, and an output layer. A layer
consists of nodes, and a layer A = [a1, a2, ···, an] with n nodes is
calculated and connected to the node bj (j = 1, 2, ···) of the
next layer B = [b1, b2, ···, bn] as follows

41
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where ωij is the weight, T is the threshold, and σ is the
activation function. The weights and thresholds of the neural
network were optimized to minimize the cost, which is the sum
of the errors between the predicted and actual values.
Stratified K-Fold Cross Validation. Cross validation is a

resampling method to avoid overfitting and to create more
generalized models. We applied multilabel stratified 5-fold
cross validation to our model. 20% of the collected data was
used as test data for model performance evaluation, and
multilabel stratified K-fold cross validation42 was applied to the
remaining 80% to train the model. In K-fold cross validation,
the data was divided into K subsets of equal size. One subset
was used as validation data for optimizing model parameters
and the remaining K-1 subsets as training data for model
training. The process was repeated K times.43 The perform-
ance of the final model with the average of K model results was

evaluated to avoid overfitting and to create a more generalized
model. Also, multilabel stratified random sampling was applied
to equally divide the class ratio of each subset to avoid
assigning too much or too little data from a specific class.
Performance Evaluation Metrics. Precision, recall, and

F1 score were used to evaluate the classification performance.
Precision and recall were calculated as the number of true
positives (TP), true negatives (TN), false positives (FP), and
false negatives (FN). TP, TN, FP, and FN are confusion
matrices, which measure the predictive performance of the
model by visualizing the predicted versus actual values. TP is
the case when both the prediction and actual data are
determined to be true. TN is the case when the prediction and
actual data are determined to be false. FP is the case when the
prediction is true, but it actually is false. FN is the case when
the prediction is false but it actually is true (Table S2). TP
indicates the result of accurately predicting the presence of a
label, while TN indicates the result of accurately predicting the
absence of a label. FP and FN represent the results of
incorrectly predicting the presence and absence of labels,
respectively. Precision is the proportion of predicted positives
out of actual positives, and recall is the proportion of actual
positives out of predicted positives, as shown in the equations
below.

precision
TP

TP FP
=

+

recall
TP

TP FN
=

+
Both metrics have values between 0 and 1, with higher

values indicating better performance. The F1 score is a matric
to reflect both precision and recall and is calculated as the
harmonic average of precision and recall.

F1 score 2
precision recall
precision recall

= × ×
+

For class imbalanced data, the performance of the minority
class is almost ignored when using a microaverage since it can
be dominated by the scores of majority class. Therefore, the
performance of each model was compared using the macro-
average to ensure that the performance of the minority class
was also well represented.44

Training of ANN Model. The Python package Keras was
used to create machine-learning models.45 An ANN model was
built with two hidden layers for multilabel classification of 17
functional groups in compounds. The output layer consists of
17 nodes that calculate the probability of the existence of each
functional group. As the number of hidden layers increases,
creating more complex models can improve performance but
also increases the likelihood of overfitting problems. Moreover,
as the size of the network increases, the training time becomes
longer. To avoid this problem, dropout was applied that
removes nodes from a layer with a certain probability.46 Figure
S2 shows the structure of the ANN model used for training
(Figure 2).
In this experiment, the rectified linear unit (ReLU) and

sigmoid were used as activation functions for the hidden layer
and output layer, respectively.

xReLU max(0, )=

xsigmoid( ) 1/(1 e )x= +
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For multilabel classification, binary cross-entropy (BCE) was
used as a loss function to measure the error between actual and
predicted values.

y y y yBCE log (1 ) log(1 )= +
ŷ is the predicted value by the ANN model and y is the

actual value.

■ RESULTS AND DISCUSSION
Identification of Functional Groups Using Combina-

tions of FT-IR, 1H NMR, and 13C NMR Spectra. To identify
17 functional groups in unknown compounds, a machine-
learning model was trained using FT-IR, 1H NMR, and 13C
NMR spectra. We collected FT-IR, 1H NMR, and 13C NMR
spectra data for 3027 compounds from the NIST chemistry
Webbook and SDBS databases for machine learning for
molecular structure prediction.36,37 Machine learning was
performed using FT-IR, 1H NMR, 13C NMR, FT-IR + 1H
NMR, FT-IR + 13C NMR, 1H NMR + 13C NMR, and FT-IR +
1H NMR + 13C NMR combinations. The F1 scores for each
feature group were obtained from the recall and precision
values for FT-IR (Table S3), 1H NMR (Table S4), 13C NMR
(Table S5), FT-IR + 1H NMR (Table S6), FT-IR + 13C NMR
(Table S7), 1H NMR + 13C NMR (Table S8), and FT-IR + 1H
NMR + 13C NMR spectra (Table S9). Comparing the macro-
average F1 scores of the models trained on the data separately
(Figure 2), we found that FT-IR, 1H NMR, and 13C NMR
achieved 0.88, 0.41, and 0.68, respectively, indicating that FT-
IR data are more informative for functional group
identification. However, the F1 scores of alkyl halides, amides,
and alkenes showed relatively low performances of 0.86, 0.82,
and 0.78, respectively, and the nitrile group had a very low F1
score of 0.43. This is because class overlap problems occurred
in areas where absorption bands of different functional groups
are similar in the FT-IR spectrum, resulting in poor
classification performance. The absorption bands of alkyl
halides and alkenes appeared in the range of 1200−600 cm−1,
called the fingerprint region. Because of the high complexity
and numerous peaks in the fingerprint region, identification of
the functional groups is difficult. In the case of amides, the CO
absorption bands can be confused with those of aldehydes,
ketones, and esters. In addition, the N−H absorption band of
amides largely overlaps with that of amines. The absorption
band associated with the C�N triple bond in nitriles may

overlap with that of the C�C triple bond in alkynes within the
range of 2200−2000 cm−1. This band often exhibits very weak
intensity, complicating the observations.
NMR analysis provides more accurate and detailed

information about molecule structure and atomic arrangement
by observing local magnetic fields around atomic nuclei placed
in a magnetic field. Therefore, we developed a new training
model by combining FT-IR with NMR spectra to solve the
class overlap problem that occurred in the FT-IR model solely.
The macro-average F1 scores for the combined models of FT-
IR + 1H NMR, FT-IR + 13C NMR, and FT-IR + 1H NMR +
13C NMR were 0.90, 0.91, and 0.93, respectively, out-
performing models trained solely on FT-IR spectra. Notably,
the improved identification of substances that can overlap in
the FT-IR spectra, such as aldehydes, alkynes, ketones, amides,
and alkenes, suggests that complementing FT-IR with NMR
spectra addresses its limitations. The incorporation of a single
13C NMR data set into the FT-IR model significantly enhanced
the F1 score for detecting the nitrile group, elevating it from
0.43 to 0.60. Subsequent addition of 1H NMR data into the
augmented FT-IR + 13C NMR model further improved the F1
score, achieving a value of 0.63. The F1 scores of the alkene
and amide were also improved from 0.78 and 0.82 to 0.88 and
0.91, respectively. This suggests that 13C NMR and 1H NMR
spectra data have complementary effects on model training.
Considering that this FT-IR + 1H NMR + 13C NMR model
has F1 scores for most functional groups that are higher than
those of single FT-IR data models, we infer that adding NMR
data to FT-IR data can improve performance without
significant loss in F1 scores. In order to effectively predict
the structure and properties of a compound, it is more
important to accurately identify all functional groups in a
molecule than to predict individual functional groups.
Therefore, we introduced another metric called the exact
match ratio (EMR) to evaluate our models. The EMR
calculated the proportion of samples for which all labels
(functional groups) were correctly classified. As shown in
Figure S3, the FT-IR + 1H NMR + 13C NMR model achieved
the highest score of 79.2, among other models. We introduced
external validation technique46 to evaluate our models and
achieved a macro-average F1 score of 0.90, which is
comparable to the model’s macro-average F1 score of 0.93
(Table S10). This result demonstrates that our model can
predict functional groups with similar accuracy on novel
compound data not included in the training database. And we
applied y-randomization47 and observed a significant decrease
in the macro-average F1 score to 0.17 (Table S11), confirming
that there is a meaningful correlation between the spectra data
and the functional groups learned by our model.
Attempting to Solve the Precision and Recall

Imbalance Using Weighted Binary Cross-Entropy
(WBCE).While real molecules typically have up to 5 functional
groups, the model predicts 17 functional groups. This means
that the number of nonexistent functional groups is bigger than
the number of functional groups actually exist in the molecule.
In this case, the more functional groups the model determines
do not exist, the easier it is to improve the performance. This is
known as a false negative (FN) error, and as the FN increases,
the recall value and F1 score decrease, which is affected by
recall and precision. There are three ways to solve the
imbalances in these data sets: undersampling, oversampling,
and weighting. Since the data applied to our model is a
multilabel data set, oversampling may lead to overfitting, and

Figure 2. Comparison of compound functional groups F1 scores of
models using FT-IR data, FT-IR + 1H NMR data, FT-IR + 13C NMR
data, and FT-IR + 1H NMR + 13C NMR data.
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undersampling may lead to data loss.48 Therefore, we adopted
weighted binary cross-entropy (WBCE), which assigns a
higher weight for predictions indicating the presence of
functional groups as follows (Figure S4).

w y y w y yWBCE log (1 ) log (1 )= ++

where, w+ and w− are the weights for the positive and negative
classes, indicating the presence and absence of functional
group. They are inversely proportional to the sample size of
each class, meaning that the smaller the sample, the higher the
weight to adjust for imbalance between classes. The weight for
class was calculated as follows.

w
total number of samples

2 number of positive samples for class
=

×+

w
total number of samples

2 number of negative samples for class
=

×

The Adam optimizer,49 one of the gradient descent
algorithms, was used for weight training of neural networks.
The learning rate and batch size were fixed at 0.0005 and 64,
respectively. We fixed the hyperparameters β1, β2, and epsilon
at 0.9, 0.999, and 1e−7, respectively. Training of the neural
network model was performed up to 500 epochs, with an early
stop applied to stop training if the validation macro-average F1
score did not increase for 50 epochs. We recorded changes of
F1 scores for training and validation of FT-IR + 1H NMR +
13C NMR data sets across the epochs with the k-fold cross-
validation technique (k = 5) (Figure S5). The numbers of
epochs for the five training and validation cycles were 170, 159,

151, 155, and 174. The blue line represents the F1 score of the
training data set, and the yellow line represents the F1 score of
the validation data set. As a result, we found that the F1 score
for some functional groups increased slightly, but for functional
groups such as acyl halide, ketone, alkyl halide, and alkene, the
F1 score of the model without WBCE was actually higher. We
speculated that this is due to the inherent trade-off relationship
between recall and precision, where an increase in one typically
results in a decrease in the other.50,51 Therefore, we concluded
that it is difficult to improve the performance of the model by
addressing the imbalance as the F1 score does not change or
decrease even with WBCE.
We validated the performance of the model using spectral

data (Figures S6−S11) of unknown compounds and mixtures
that were not in the database used to train the FT-IR + 1H
NMR + 13C NMR model. Table 1 shows the results of
identifying the unknown compounds and their mixtures by
using the model. Unknown compounds 1,2,3,4 are trans-
chalcone, α-bromophenylacetic acid, 1,2-cyclohexanediol, and
anisonitrile, respectively. And mixtures 1,2 are 4-nitro-
benzaldehyde + 1,2-cyclohexanediol and 5-hexene-2-one +
crotonyl chloride, respectively. The blue colored rectangles
represent successfully predicted functional groups, while the
red-slashed lines represent failed predictions. In addition, 0
indicates that the functional group is not present, and 1
indicates that the functional group is present. The model
successfully predicted 14, 12, 16, and 15 of the 17 functional
groups in each compound, and 13 and 15 of the functional
groups in each mixture, respectively. These results demonstrate
practical applicability to the analysis of unknown compounds
by machine-learning prediction, and that a deep learning

Table 1. Identification of Functional Groups in Unknown Compounds and Mixtures Is Based on Experimental Results
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model trained on single compound spectra is effective at
predicting functional groups in mixtures. In particular, the
composition of mixtures 1 and 2 consisted of a combination of
a cyclic hydrocarbon compound and an aromatic compound
(mixture 1) and a combination of aliphatic compounds with
similar structures containing a carbonyl group (mixture 2). It is
surprising that the predictions were as good as those for single
compounds. This result showed that pattern recognition
inherent in the complex spectral data sets for mixtures was
effectively achieved due to efficient parallel processing by each
independent neuron of the ANN-based model.

■ CONCLUSIONS
In summary, we developed an ANN-based machine-learning
model capable of pattern recognition of FT-IR and NMR
spectral data to identify functional groups in compounds. The
ANN model trained on FT-IR, 1H NMR, and 13C NMR
recorded a macro-average F1 score of 0.93 for 17 functional
groups and successfully predicted the functional groups in the
mixtures of unknown chemicals. These results indicate that
integrating NMR and FT-IR data can address the overlapping
fingerprint region in FT-IR spectra, making the machine-
learning approaches valuable for spectral interpretation and
compound structure prediction. In particular, functional group
prediction for mixtures is as good as functional group
prediction performance for single compounds, suggesting
that the ANN-based machine-learning model is effective in
pattern recognition for complex spectral data. This is a
significant step toward automatic functional group identifica-
tion algorithms. We believe that improving the performance of
the model through the development of more effective data
preprocessing methods and the addition of spectral data will
allow us to achieve accurate predictions of functional groups
for unknown mixtures, which will lead to new analytical
systems that support a wide range of research and industrial
applications.
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