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ABSTRACT: Here, we provide a new methodology for reducing
false results and time delay of biosensors, which are barriers to
industrial, healthcare, military, and consumer applications. We
show that integrating machine learning with domain knowledge in
biosensing can complement and improve the biosensor accuracy
and speed relative to the performance achieved by traditional
regression analysis of a standard curve based on the biosensor
steady-state response. The methodology was validated by rapid and
accurate quantification of microRNA across the nanomolar to
femtomolar range using the dynamic response of cantilever
biosensors. Theory-guided feature engineering improved the performance and efficiency of several classification models relative
to the performance achieved using traditional feature engineering methods (TSFRESH). In addition to the entire dynamic response,
the technique enabled rapid and accurate quantification of the target analyte concentration and false-positive and false-negative
results using the initial transient response, thereby reducing the required data acquisition time (i.e., time delay). We show that model
explainability can be achieved by combining theory-guided feature engineering and feature importance analysis. The performance of
multiple classifiers using both TSFRESH- and theory-based features from the biosensor’s initial transient response was similar to that
achieved using the entire dynamic response with data augmentation. We also show that the methodology can guide design of
experiments for high-performance biosensing applications, specifically, the selection of data acquisition parameters (e.g., time) based
on potential application-dependent performance thresholds. This work provides an example of the opportunities for improving
biosensor performance, such as reducing biosensor false results and time delay, using explainable machine learning models
supervised by domain knowledge in biosensing.
KEYWORDS: biosensing, chemical sensors, artificial intelligence, biosensor performance, classification, false negative, false positive,
measurement confidence

Biosensor accuracy and speed remain barriers to industrial,
healthcare, military, and consumer applications, such as
bioprocess control, medical diagnostics, and biosurveillance.1−3

For example, false-positive and false-negative results associated
with rapid tests for SARS-CoV-2 were prevalent during the
COVID-19 pandemic.4 Although polymerase chain reaction
(PCR) is a gold-standard bioanalytical method for medical
diagnostics, trained dogs performed similar to PCR tests for
detecting SARS-CoV-2.5 Thus, creating reliable, high-perform-
ance biosensors for real-world applications (i.e., use in practical
environments) may require advances in transducer and
biorecognition technologies as well as artificial intelligence
(AI)-guided biosensing.
Long-standing challenges and goals in the chemical sensing

field, such as sensor drift,6 reusability, high-throughput
sensing,7 calibration, and mixture analysis,8 have led to the
application of data science models for analyzing chemical
sensor response, such as for electronic nose and wearable
sensing applications.9 Recent advances in biosensor design

(e.g., paper-based biosensors), manufacturing (e.g., printing10),
and applications11,12 (e.g., Internet-of-Things) have driven the
use of machine learning in biosensing.13−17 Data-driven
biosensing studies can be classified by the improved biosensor
performance metric (e.g., accuracy or speed), the structure of
the biosensor data analyzed (e.g., univariate or multivariate
time-series (TS) data), or the learning objective (e.g.,
regression or classification). Relatively accurate, simple, and
explainable learning models can often be constructed for
analyzing complex data.18 For example, random forest has been
shown to be among the best of over 100 models for the
University of California-Irvine Machine Learning Repository.19
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Support vector machine (SVM), linear discriminant analysis,
and principal component analysis have been widely used in
biosensing applications, such as for response prediction,
pathogen classification, analyte detection, and feature extrac-
tion.13,16,20−24 However, although such studies have estab-
lished the value of using data science to improve biosensor
performance, several challenges impede the widespread use of
machine learning in biosensing applications. For example,
biosensor data associated with practical applications based on
traditional experimental design (e.g., calibration protocols) are
often sparse and imbalanced. Data labels may also exhibit
different uncertainty levels. To date, data science models in
biosensing have often not used biosensor theory. Our critical
review of the data-driven biosensing literature has revealed a
significant opportunity to establish new AI-guided biosensing
methodologies that are supported by data augmentation (e.g.,
generative AI) and supervised by domain knowledge.
Here, we establish a methodology for AI-guided (i.e., data-

driven) biosensing that is founded on data augmentation and
theory-guided supervised machine learning. The utility and
impact of the method are demonstrated by the rapid and
accurate quantification of microRNA (miRNA) across the
nanomolar to femtomolar range using univariate TS data (i.e.,
dynamic signal change) obtained from cantilever biosensors.
Data augmentation is utilized to address the data sparsity and
class imbalance challenges of experimental calibration data. We
show that considering the target analyte concentration as a
categorical variable enables accurate classification of the
dynamic biosensor response and quantification of biosensor
false-negative and false-positive responses. We also show that
the theory of surface-based biosensors can further improve
model accuracy via feature engineering. The methodology also
enables rapid and accurate miRNA detection using the
biosensor’s initial transient response, thereby reducing
biosensor time delay, which is a significant barrier in several
biosensing applications. Thus, this work helps address critical
barriers to the adoption of the biosensor technology associated
with false responses and time delay.

■ MATERIALS AND METHODS
Description of Biosensor Type, Target Analyte, and

Biosensor Data. The dynamic response of DNA-functionalized
piezoelectric cantilever biosensors associated with selective detection
of miRNA let-7a in a continuous-flow format, specifically, resonant
frequency (Δf) vs time (t), served as the univariate TS data for this
study.25

Biosensor Data Preprocessing. The dynamic biosensor signal
change was normalized as θ(t) = ( f(t) − f i)/( f f − f i), where f i is the
initial baseline resonant frequency before target analyte binding, f f is
the final baseline resonant frequency after the target analyte binding
process reached steady state, and f(t) is the continuously monitored
resonant frequency throughout the binding process. Thus, the
normalization process removed the traditional feature used for
quantifying the target analyte concentration from the TS data (the
net biosensor signal change at steady state), thereby scaling both the
deterministic and the random components of the signal by the same
value. Additionally, the normalization process accounts for perform-
ance variance among different biosensors, which is a common
characteristic of sensors fabricated by batch manufacturing. Time t = 0
corresponded to the start of the transient (i.e., binding) response. The
normalized dynamic biosensor response (i.e., the normalized dynamic
biosensor signal change) contained both nonstationary and stationary
TS data associated with the binding response and the steady-state
response, respectively.

Data Augmentation. Data augmentation of the dynamic
response before normalization (i.e., Δf vs t), which allowed the
augmentation methods to “see” the signal-to-noise ratio (SNR)
characteristics of the raw (unscaled) signal, was achieved using
jittering, scaling, magnitude warping, window slicing, time warping,
and window warping.26,27 Random numbers used in data
augmentation were obtained from a normal distribution. The standard
deviation of the distribution varied across the different augmentation
techniques based on the associated experimental data. The number of
biosensor responses (i.e., TS) in each class was first increased
regardless of the class distribution by using the aforementioned
augmentation techniques. This increased the data size (i.e., the
number of biosensor responses) from 16 to 112, addressing the data
sparsity. The data were then further augmented with respect to the
class distribution. This increased the number of biosensor responses
from 112 to 268, addressing the class imbalance. Thus, the classes
(i.e., the concentration bins associated with the calibration standards)
for which more calibration data were available contained relatively less
augmented data. Details associated with the data augmentation
process are provided as Supporting Information.

Traditional Feature Engineering. Features from the unaug-
mented and augmented TS data sets (i.e., normalized dynamic
biosensor responses) were generated by scalable hypothesis testing
(TSFRESH; Python),28 which we refer to as “TSFRESH-based
features,” based on previous use in chemical sensing applications.9,29

Imputation was used for analysis of the initial transient response (i.e.,
a feature with a value of negative infinity, infinity, or NaN was
converted to the minimum, maximum, and median feature values
obtained across all TS, respectively) and was not used for analysis of
the entire biosensor response. For example, the process generated 511
TSFRESH-based features using the entire biosensor response.

Theory-Guided Feature Engineering. Features from the
unaugmented and augmented TS data sets were generated from the
theory of surface-based affinity biosensors,30 which we refer to as
“theory-based features.” For example, the process generated 14
theory-based features (see Table S1), including the rate of change of
the normalized dynamic biosensor signal during the initial transient
period. Details associated with the theory of surface-based affinity
biosensors and model assumptions associated with the biosensor used
in this study are provided in the Supporting Information. We note
that characteristics of the dynamic signal change have been previously
investigated as features for biosensing applications.21

Classification of Dynamic Biosensor Response Using
Theory-Guided Supervised Machine Learning for Quantifica-
tion of the Target Analyte Concentration and Probability of
False Responses. The TSFRESH- and theory-based features served
as the inputs to the supervised learning models for classifying the
dynamic biosensor normalized signal change, which we refer to
hereinafter as the “dynamic response.” The dynamic responses were
classified based on the target analyte concentration, specifically, the
concentration bin label. The label (y) for each response (i.e., TS) was
obtained by logarithmic binning of the target analyte concentration
(c) as y = [−log10(c/(1 M))], where M refers to molarity, and
brackets indicate rounding to the nearest integer. Additional details
on the binning method, including inputs and constraints associated
with the biosensor performance characteristics, design of experiments
(e.g., calibration study design), and the biosensing application, are
provided in the Supporting Information. The model performance was
evaluated by the average classification scores (i.e., the F1 score,
precision, and recall) obtained by cross-validation. The training and
test data sets were obtained using stratified k-fold cross-validation (k =
5; i.e., 80 and 20% of the data were used for training and test data,
respectively). The fold preserved the class distribution. Cross-
validation with a fixed random state ensured that the model
performance using TSFRESH, theory, or both features could be
compared. The presented F1 score, precision, and recall are the
average values for all classes and splits. Grid search was used for
hyperparameter tuning. The macro F1 score was used as the tuning
metric. Details associated with the search space are provided as
Supporting Information.
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■ RESULTS AND DISCUSSION
Quantification of the Target Analyte Concentration

and Probability of False-Positive and False-Negative
Results via Classification of Dynamic Biosensor
Response. As shown in Figure 1A, the goal of this study
was to improve the accuracy and speed of surface-based affinity
biosensors by integrating domain knowledge in biosensing
with data science models using dynamic response. The
cantilever biosensor miRNA detection case study involved 16
calibration standards (Figure S1A). The concentration of the
calibration standards ranged from 1 nM to 100 fM.
Representative normalized dynamic responses for the most
dilute and concentrated standards are shown in Figure S1B.
While the target analyte concentration is a continuous variable,

which is the rationale for regression analysis of standard curve
data, the discretized data structure associated with calibration
standards and test samples in many biosensing applications
suggests that concentration may also be considered as a
categorical variable, which enables the use of classification (see
Figure 1A and Supporting Information for further details).
One motivation for using classification models to complement
regression analysis in biosensing is the utility of the
classification scores for decision-making, such as in bioprocess
control, medical diagnostics, and biosurveillance applications.
For example, decision-making in such applications is often
based on classifying the concentration of a target analyte, such
as a pathogen or biomarker, as present vs absent or in a
particular concentration range (i.e., bin), such as below or

Figure 1. (A) Illustration of rapid and accurate biosensing via classification of the dynamic biosensor response (i.e., normalized dynamic biosensor
signal change) using theory-guided machine learning. (B) Representative normalized dynamic biosensor signal change based on the net signal
change obtained from the steady-state response. (C) Description of the data structure associated with unaugmented (i.e., experimental) and
augmented calibration data sets, as well as the effect of data augmentation on sparsity and class imbalance of the data set. (D) Comparison of the
unaugmented and augmented (window warp) normalized dynamic responses. (E) Pearson correlation coefficient associated with experimental and
augmented biosensor calibration data.
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above an infectious dose or within a diagnostic threshold.
Classification models may also consider the possibility of
misclassification, such as that caused by sensor drift, non-
specific binding, or user error, which is an important aspect of
creating reliable and resilient biosensing tools and methods. As
shown in Figure S1C, the steady-state response (i.e., net
resonant frequency shift) associated with each calibration
standard in the miRNA detection case study exhibited a
statistically significant difference, which further supports
consideration of the binned miRNA concentration as a
categorical variable.

Addressing Challenges of Data Sparsity and Class
Imbalance in Biosensor Calibration Data via Data
Augmentation. While one-way ANOVA based on the
biosensor steady-state response (Figure S1C) suggests that
the binned miRNA concentration may be modeled as a
categorical variable, the application of classification models is
constrained by sparsity and class imbalance of the calibration
data. Sparsity and class imbalance of biosensor data are
common challenges to the use of data-driven biosensing
methods in several applications and may arise from the design
of experiments (e.g., calibration study design) or challenges
with data management. We first normalized the dynamic
biosensor response using the net signal change obtained from
the steady-state response, which is the output associated with
the traditional standard curve (Figure 1B). While efforts have
been made to apply machine learning in biosensing and other
bioanalytical applications (see Table S2), they have often
employed data augmentation, such as of image and TS
data.31,32 As shown in Figure 1C, the calibration data
associated with the miRNA detection case study were sparse
and imbalanced. For example, the calibration study generated
16 dynamic biosensor responses with 8, 1, 2, 1, and 4
responses associated with the concentrations of 1 nM, 100 pM,
10 pM, 1 pM, and 100 fM, respectively. The quantity and
distribution of calibration standards used in the case study
arose from the goal of synergizing the design of experiments
with a clinically relevant miRNA-based diagnostic application.
Thus, the data set contained an imbalanced class distribution
with more samples near the upper and lower limits of the
biosensor dynamic range to reflect the variation in let-7a
concentration across different diagnostic and therapeutic
applications, which varies across several orders of magnitude
from the nanomolar to subfemtomolar range.33−37

Fluctuations in the biosensor signal, such as those associated
with noise, were considered as a characteristic of the
normalized signal that may have predictive power. For
example, it is not yet established if the processes associated
with noise generation in biosensors are dependent on the
target analyte concentration, but several studies have shown
that sensor noise can have predictive power in chemical
sensing and biosensing applications.38−40 Thus, we did not
remove sensor noise from the signal prior to data
augmentation or classification. The impact of the sensor
noise level (N) is also a potential input and constraint to the
binning method, as described in the Supporting Information.
Analysis of the SNR among the normalized biosensor
responses, which is equivalent to analysis of N since all
normalized responses exhibit a total signal change of one,
showed no significant difference in N among the different
concentrations (classes) examined in this case study. For
example, considering N as the standard deviation of the steady-
state normalized response, we found that the unaugmented

(experimental) data in the classes of 1 nM, 10 pM, and 100 fM
exhibited N = 0.090 ± 0.131, 0.109 ± 0.087, and 0.168 ±
0.064, respectively (class sparsity of 100 and 1 pM did not
enable analysis of the variance of N at those concentration
levels). Thus, no clear trends in the unaugmented data were
observed among N and the sensor response times (i.e., time to
steady state) or the net signal change at steady state, which
were both concentration-dependent. As shown in Figure 1C,
several TS data augmentation methods were used to address
the data sparsity and class imbalance in the experimental
biosensor calibration data, expanding the data set from 16 to
268 TS. Previous studies that have leveraged data augmenta-
tion for classification studies involving non-biosensing miRNA
applications41 have generated results from similar-sized data
sets containing 40−200 samples.42,43 The class distribution of
the augmented calibration data for concentrations of 1 nM,
100 pM, 10 pM, 1 pM, and 100 fM was 56, 55, 50, 55, and 52,
respectively. A comparison of the unaugmented and
augmented normalized biosensor responses at 1 nM and 100
fM is shown in Figure 1D. The mean Pearson’s correlation
coefficient associated with the augmented data is shown in
Figure 1E. The correlation score was greater than 0.7 for the
majority of samples, indicating that the augmented data were
representative of the experimental data. To characterize any
potential effects of data augmentation on the SNR, we assessed
the noise level among responses in the augmented data sets.
We found that the classes 1 nM, 10 pM, and 100 fM for
augmented data (window warping) exhibited N = 0.083 ±
0.120, 0.108 ± 0.092, and 0.142 ± 0.038, respectively, which
were comparable to those of unaugmented data. Thus, data
augmentation did not have a clear impact on SNR based on
this analysis.

Classification of Dynamic Biosensor Response Using
Traditional Machine Learning Models and Unaug-
mented Calibration Data. Having motivated the use of
classification in biosensing and addressed the challenges of
sparsity and class imbalance in experimental biosensor data by
augmentation, we next classified the unaugmented normalized
dynamic biosensor responses using several established
classification models. Figure S2 validates the step size
uniformity of the TS, which is assumed in the TSFRESH
analysis. As shown in Figure S3, TSFRESH-based features
were obtained from the biosensor’s entire dynamic response
and the initial transient response. The nonstationary and
stationary portions of the normalized dynamic response are
shown in Supporting Information (see Figure S4). TSFRESH
generates a number of features from a TS, which depend on its
length and sampling frequency. Therefore, the entire biosensor
responses and the initial transient responses associated with
the experimental and augmented data sets generate unique
TSFRESH features, some of which may be common features.
Detailed descriptions of TSFRESH-based features are provided
in the Supporting Information. The F1 score is a weighted
measure of model classification capability that accounts for the
precision and recall (i.e., the extent of false positives and false
negatives) and is widely used to evaluate the performance of
machine learning models for biosensing applications.44,45

Precision is a measure of positive predictive value (i.e., false
positives), and recall, also known as a true positive rate or
sensitivity, is a measure of false negatives. High precision
indicates a low number of false positives, and high recall
indicates a low number of false negatives. Precision and recall
have also been used in the analysis of machine learning models
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for biosensing applications.3,46,47 The ability to quantify and
reduce false results, particularly false negatives, is critical in
biosensing applications, such as medical diagnostics and
biosurveillance, given the potential severity of consequences
associated with decisions made from false-negative results,48,49

such as taking no action to a present disease or biothreat. The
average classification score for each model among the different
splits used for cross-validation is provided in Table 1 (high and
low scores among the different splits are shown in Table S3).
Cross-validation is a useful method for gauging a model’s
ability to generalize to unseen examples (i.e., to assess the
generalizability of the model to an unseen test set) and is also
useful for analysis of small data sets that require direct
comparison of results, such as obtained without and with data

augmentation. Gradient boost gave the best performance in
classifying the experimental dynamic biosensor response (three
concentration classes) with TSRESH-based features (see Table
1), which corresponded to an average F1 score, precision, and
recall of 0.544, 0.572, and 0.6, respectively. The confusion
matrix for the gradient boost classifier for a representative data
split is provided in Figure 2A and shows that the biosensor
responses in the most concentrated and dilute samples [class 9
(1 nM) and class 13 (100 fM)] were classified with 100%
accuracy. We note that the data splits associated with cross-
validation for the unaugmented data set may not contain three
classes in the test set as they are randomly generated.

Classification of Dynamic Biosensor Response Using
Theory-Guided Machine Learning Models and Unaug-

Table 1. Classification Results Using TSFRESH-Based Features, Theory-Based Features, and Both Feature Types Obtained
from Unaugmented Dataa

TSFRESH theory TSFRESH & theory

model F1 score precision recall F1 score precision recall F1 score precision recall

SVM 0.427 0.376 0.532 0.689 0.684 0.75 0.427 0.376 0.532
logistic regression 0.236 0.2 0.298 0.491 0.472 0.582 0.224 0.188 0.298
decision tree 0.413 0.41 0.482 0.333 0.352 0.398 0.378 0.466 0.434
random forest 0.533 0.54 0.58 0.4 0.444 0.482 0.533 0.54 0.58
gradient boost 0.544 0.572 0.6 0.6 0.594 0.682 0.547 0.51 0.632
XGBoost 0.444 0.456 0.484 0.6 0.594 0.682 0.444 0.456 0.484

aBold black font indicates the best-performing models using TSFRESH-based features, theory-based features, and both features. Italic font indicates
the models that exhibited improved performance using theory-vs TSFRESH-based features and both features. Underline font indicates the best
performance across all features and combinations for each model.

Figure 2. Confusion matrices associated with classification results using TSFRESH-based features (A; gradient boost), theory-based features (B;
SVM), and both features (C; XGBoost) (also see Table 1). (D) Feature importance plot of the gradient boost classifier using TSFRESH-based
features for the highest performing split (F1 score = 1). The relative importance of the top 25 TSFRESH-based features is shown, and orange color
indicates a TSFRESH-based feature that is related to domain knowledge in biosensing (feature descriptions provided in the Supporting
Information).

ACS Sensors pubs.acs.org/acssensors Article

https://doi.org/10.1021/acssensors.3c01258
ACS Sens. 2023, 8, 4079−4090

4083

https://pubs.acs.org/doi/suppl/10.1021/acssensors.3c01258/suppl_file/se3c01258_si_001.pdf
https://pubs.acs.org/doi/10.1021/acssensors.3c01258?fig=fig2&ref=pdf
https://pubs.acs.org/doi/10.1021/acssensors.3c01258?fig=fig2&ref=pdf
https://pubs.acs.org/doi/10.1021/acssensors.3c01258?fig=fig2&ref=pdf
https://pubs.acs.org/doi/suppl/10.1021/acssensors.3c01258/suppl_file/se3c01258_si_001.pdf
https://pubs.acs.org/doi/suppl/10.1021/acssensors.3c01258/suppl_file/se3c01258_si_001.pdf
https://pubs.acs.org/doi/10.1021/acssensors.3c01258?fig=fig2&ref=pdf
pubs.acs.org/acssensors?ref=pdf
https://doi.org/10.1021/acssensors.3c01258?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as


mented Calibration Data. We next demonstrated that
domain knowledge in biosensing, specifically the theory of
surface-based biosensors, can be leveraged to further improve
the model performance by theory-guided feature engineering.
As shown in Figures 1B and S1B, the rate of change of the
initial transient response appeared to be dependent on the
target analyte concentration, which motivates investigating the
model performance using theory-based features from both the
entire response and the initial transient response (Figure S3).
As shown in eq 1, the target analyte concentration (c0), which
is also the output of the machine learning model (Y = c0), is
proportional to the rate of change of the dimensionless
dynamic signal change with respect to time in the initial
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A detailed discussion of the theory of surface-based affinity
biosensors, assumptions for the biosensor type used in this case
study (milli-cantilever biosensors), and derivation of eq 1 are
provided in the Supporting Information. Equation 1 may
provide insights into the potential for using nonequilibrium
methods for analysis of biosensor data, which is an emerging
area.50

SVM exhibited the best model performance with F1 score,
precision, and recall of 0.689, 0.684, and 0.75, respectively,
using theory-based features (see Table 1). We also found that
SVM, logistic regression, gradient boost, and XGBoost
exhibited improved performance using theory-based features
relative to the performance using TSFRESH features. When
comparing the model performance using TSFRESH- vs theory-
based features, one should consider the number of features
(511 TSFRESH- vs 14 theory-based features). The comparable
performance achieved using over an order of magnitude fewer
features highlights the value of leveraging domain knowledge
to improve the efficiency (e.g., reduced computing power) and
explainability of machine learning models for AI-guided
biosensing applications. As shown by the confusion matrix in
Figure 2B, the SVM model misclassified one response in class 9
(1 nM) as class 13 (100 fM), which was potentially caused by
limited available training data in the unaugmented data set due
to sparsity.
Table 1 also summarizes the model performance using both

feature types. Gradient boost exhibited the best performance
based on the F1 score and recall, while random forest exhibited

the highest precision. The confusion matrix associated with
XGBoost is highlighted in Figure 2C, given that the data split
included all three classes (i.e., concentrations) in the test data
set (the F1 score was also the highest among the other models
with such a data split). The biosensor responses associated
with 1 nM (class 9) and 100 fM (class 13) were successfully
classified by XGBoost, while biosensor responses associated
with the 10 pM (class 11) class were misclassified as class 9 (1
nM). Among the use of TSFRESH-based, theory-based, and
both feature types, SVM exhibited the best performance by
using only theory-based features. This result demonstrated the
value of leveraging domain knowledge in AI-guided biosensing
when using sparse data sets. The performance obtained using
the unaugmented data agreed well with reported values, such
as for virus classification (∼70% accuracy),22 classification of
wine quality (67.3 and 60.5% accuracy, respectively),51 and
disease classification (∼50% accuracy).52
Feature importance analysis, which can be performed on

tree-based models (e.g., decision tree, random forest, and
gradient boost), is a useful method for explaining the model
performance using both feature types. For example, Figure 2D
highlights the 25 most important TSFRESH-based features of
the gradient boost classifier, which exhibited an F1 score of 1.
While TSFRESH-based features are generated by statistical
hypothesis testing, several TSFRESH-based features are
indirectly related to biosensor theory, which we refer to as
“theory-related features.” For example, theory-related
TSFRESH-based features, including the standard deviation of
linear trend (feature 1) and the aggregate variance of the 0.2 to
0.4 quantile (feature 3), are similar to the theory-based features
of linear trend (see eq 1) and dynamic SNR, which can be
identified through first principles. One of the most important
TSFRESH-based features was the variance of the 0.2 to 0.4
quantile of normalized dynamic biosensor response, which
corresponds to the biosensor initial transient response,
suggesting that the initial transient response contains features
that significantly contribute to classification accuracy in
biosensing applications. The feature importance analysis of
the gradient boost model using only TSFRESH-based features
provides insights into the value of using both theory-guided
feature engineering and the biosensor transient response for
classification tasks in biosensing applications. Based on these
insights, we examined the performance of the random forest
model, which exhibited high precision with and without the
steady-state response. Interestingly, the performance without
the steady-state response was relatively superior, indicating that
it may not be necessary to utilize the entire biosensor response
for classification of the target analyte concentration and

Table 2. Model Performance Using TSFRESH-Based Features, Theory-Based Features, and Both Feature Types Obtained with
Data Augmentation (i.e., Augmented Biosensor Calibration Data)a

TSFRESH and aug theory and aug TSFRESH, theory, and aug

model F1 score precision recall F1 score precision recall F1 score precision recall

SVM 0.764 0.79 0.76 0.671 0.7 0.67 0.77 0.796 0.768
logistic regression 0.767 0.774 0.768 0.638 0.652 0.638 0.775 0.784 0.774
decision tree 0.853 0.862 0.854 0.707 0.726 0.706 0.874 0.888 0.872
random forest 0.933 0.938 0.934 0.777 0.79 0.776 0.933 0.938 0.932
gradient boost 0.933 0.938 0.932 0.78 0.794 0.78 0.933 0.94 0.934
XGBoost 0.901 0.912 0.902 0.759 0.784 0.758 0.898 0.904 0.898

aBold black font indicates the best-performing models. Italic font indicates models that exhibited improved performance using both features vs only
TSFRESH- or theory-based features (i.e., a single feature type). Italic, bold font indicates the best performance among all features and
combinations. Abbreviations: augmentation (aug).
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quantification of false-positive and false-negative responses.
Overall, the results shown in Table 1 and Figure 2 highlight the
value of incorporating domain knowledge in biosensing for
classification of unaugmented calibration data and suggest an
opportunity for using data augmentation and data from the
initial transient response to improve the model performance.
To summarize, the use of features obtained from theory-guided
feature engineering (i.e., theory-based features) improved the
performance and efficiency of SVM, logistic regression,
gradient boost, and XGBoost classifiers. Specifically, the F1
score, precision, and recall of all models investigated using
unaugmented calibration data increased by an average of 18.2,
18.5, and 19.6%, respectively, relative to the performance using
features obtained by traditional feature engineering methods
(e.g., TSFRESH-based features). Feature importance analysis
also revealed that the theory of surface-based biosensors can
help identify critical features for the accurate classification of
biosensor data.

Effect of Data Augmentation on Classification of
Dynamic Biosensor Response Using Traditional and
Theory-Guided Machine Learning. We next examined if
biosensor performance could be further improved by
addressing the sparsity and class imbalance challenges in the
experimental data set using data augmentation. As shown by a
comparison of Tables 1 and 2, the model performance using all
features improved significantly with data augmentation.
Random forest exhibited the best performance using
TSFRESH-based features from the augmented data with an
average F1 score, precision, and recall of 0.933, 0.938, and

0.934, respectively. Figure 3A presents the confusion matrix of
the random forest classifier using TSFRESH-based features,
which shows that two responses in class 9 (1 nM) were
misclassified as classes 12 (1 pM) and 13 (100 fM).
Additionally, one response in class 13 (100 fM) was
misclassified as class 9 (1 nM). All 51 other responses were
classified correctly. Gradient boost exhibited the best perform-
ance using theory-based features from the augmented data set,
yielding an average F1 score, precision, and recall of 0.78,
0.794, and 0.78, respectively. Figure 3B shows the confusion
matrix of the gradient boost classifier corresponding to F1 =
0.82 (the highest performing split) using theory-based features,
which provided misclassifications different from those of the
random forest classifier. As shown in Table 2, the performance
of four models improved with data augmentation when using
both feature types (i.e., TSFRESH- and theory-based features).
Gradient boost exhibited the best performance using both
features from the augmented data set, yielding an average F1
score, precision, and recall of 0.933, 0.94, and 0.934,
respectively. Figure 3C shows the confusion matrix of the
gradient boost classifier corresponding to F1 = 0.96 (the
highest performing split) using both feature types, which
accurately classified all 53 responses except two. For example,
one response in class 11 (10 pM) and one response in class 13
(100 fM) were misclassified as class 9 (1 nM). Figure 3D
shows the feature importance plot for the gradient boost
classifier corresponding to F1 = 0.91 obtained using both
feature types. A theory-guided feature was found to be the
most important of the top 25 features used in the classification

Figure 3. Confusion matrices associated with the classification results with augmented data using TSFRESH-based features (A; random forest),
theory-based features (B; gradient boost), and both feature types (C; gradient boost). (D) Feature importance plot of the gradient boost classifier
for augmented data for a representative split using both features. Orange indicates a theory-related feature, and pink indicates a theory-based feature
(feature descriptions provided in the Supporting Information).
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model. As shown by comparison of Figures 2D and 3D, data
augmentation decreased the magnitude of the relative feature
importance of top features by approximately a factor of 2,
indicating that more features played a role in the classification
model as the data size increased. Thus, no trend was observed
in the misclassification results toward under- or over-prediction
of the concentration, both of which occurred. In some
applications, under- and over-prediction of concentration via
misclassification may be viewed as a type of false negative and
false positive, respectively. The gradient boost classifier

misclassifications exhibited the lowest relative errors (i.e., the
difference between predicted and true binned values). We also
found that ensemble models, including random forest, gradient
boost, and XGBoost, outperformed the relatively simpler
models when using both feature types. The small differences
observed between the lowest and highest F1 scores among
different data splits of the ensemble models (see Table S4)
indicated that the models were not overfitting and provided
confidence that this methodology could be extended to other
biosensing applications. The results obtained using data

Figure 4. Model performance comparison using both TSFRESH- and theory-based features via F1 score, precision, and recall with sparse
experimental data (A,C,E) and augmented data (B,D,F), respectively (data at t = 53 min represent the average performance obtained using the
entire biosensor response for all classes, which exhibited a range across the different concentrations examined). Arbitrary thresholds for the
biosensor performance based on metrics of F1 score, precision, and recall are represented as dotted black lines. Abbreviations: support vector
machine (SVM), logistic regression (LR), decision tree (DT), random forest (RF), gradient boost (GB), and XGBoost (XGB).
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augmentation suggest that (1) the methodology was resilient
to noise generated by piezoelectric cantilever biosensors, and
(2) noise from piezoelectric cantilever biosensors may have
predictive power. For example, all the data augmentation
techniques (e.g., jittering) can be summarized as techniques
that capture trends with added noise. The results with data
augmentation show that increasing the data size improved the
classification scores. This suggests that the method is resilient
to sensor noise since the random processes associated with
noise generation in augmented data differ from the
unaugmented (experimental) TS data. The improvements in
F1 score, precision, and recall achieved by data augmentation
using both feature types demonstrate the importance of data
size and class distribution in AI-guided biosensing applications.
In summary, the use of both features (i.e., TSFRESH- and
theory-based features) with data augmentation improved the
F1 score, precision, and recall of all classifiers by an average of
7.4, 7, and 7.3%, respectively, relative to the performance using
only TSFRESH- or theory-based features.

Rapid Classification of the Initial Transient Response
via Theory-Guided Machine Learning with Unaug-
mented Data. Having demonstrated the opportunity for
improving biosensor accuracy and reducing false results of
biosensors through classification scores using the entire
biosensor response, we next examined the ability to reduce
the measurement time (i.e., biosensor time delay) required to
characterize the target analyte concentration, which is typically
constrained by the target binding process, by using the initial
transient response. As shown in Table S5, all models
investigated enabled quantification of the target analyte
concentration by classification of the biosensor initial transient
response with comparable performance to that obtained from
the entire response. While the imputation function was used
for analysis of the initial transient response, it did not
significantly impact model performance. Table S5A shows
the model performance using the first 20 min of the initial
transient response with unaugmented data. The gradient boost
and XGBoost classifiers performed similarly using only
TSFRESH-based features and both feature types, which was
better than that obtained using only theory-based features.

Among all models, gradient boost exhibited the best
performance with an average F1 score, precision, and recall
of 0.744, 0.722, and 0.8, respectively. As shown in Table S5B,
SVM using theory-based features from the first 15 min of the
initial transient response gave the best performance among all
the models with an average F1 score, precision, and recall of
0.702, 0.666, and 0.768, respectively. Table S5C shows the
model performance using the first 10 min of the initial
transient response. Random forest gave the best performance
using the first 10 min of the initial transient response with an
average F1 score, precision, and recall of 0.678, 0.672, and
0.75, respectively. In comparison, the best performance using
the entire response with unaugmented data was characterized
by an F1 score = 0.689 (see Table 1), whereas the best
performance using the first 20, 15, and 10 min of the initial
transient response was characterized by F1 score = 0.744,
0.702, and 0.678, respectively. In summary, use of the initial
transient response improved the performance of several
classifiers relative to that achieved using the entire dynamic
response by an average of 19.0, 20.1, and 18.7% (10 min),
11.2, 13.0, and 10.7% (15 min), and 8.1, 9.6, and 7.1% (20
min) for the unaugmented data set (see Figure 4.A,C,E).
Theory-based features from the first 15 and 20 min and the
first 10 and 15 min of the initial transient response were found
to exhibit the best performance for logistic regression and
SVM, respectively.

Classification of the Initial Transient Response via
Theory-Guided Machine Learning with Data Augmen-
tation. We next examined the effect of data augmentation on
the model performance using the initial transient response.
The model performance using TSFRESH-based features and
both feature types from the first 20, 15, and 10 min of the
initial transient response is shown in Table 3 (results obtained
with only theory-based features are provided in Table S6).
Tables 3A and B highlight the effect of data augmentation on
the performance of the gradient boost classifier using
TSFRESH-based features and both feature types from the
initial transient response. For example, the gradient boost
classifier provided an average F1 score, precision, and recall of
0.922, 0.93, and 0.92, as well as 0.903, 0.912, and 0.904, using

Table 3. Model Performance Using TSFRESH-Based (A) and Both TSFRESH- and Theory-Based Features (B) from the First
20, 15, and 10 min of the Initial Biosensor Transient Response Obtained with Data Augmentationa

A 20 min TSFRESH and aug 15 min TSFRESH and aug 10 min TSFRESH and aug

model F1 score precision recall F1 score precision recall F1 score precision recall

SVM 0.737 0.758 0.74 0.758 0.764 0.75 0.717 0.736 0.72
logistic regression 0.718 0.738 0.722 0.788 0.802 0.792 0.781 0.79 0.78
decision tree 0.797 0.806 0.8 0.783 0.804 0.784 0.769 0.78 0.766
random forest 0.891 0.896 0.89 0.886 0.894 0.884 0.879 0.886 0.88
gradient boost 0.922 0.93 0.92 0.899 0.904 0.9 0.891 0.896 0.892
XGBoost 0.85 0.862 0.854 0.815 0.824 0.816 0.797 0.81 0.796

B 20 min TSFRESH, theory, and aug 15 min TSFRESH, theory, and aug 10 min TSFRESH, theory, aug

model F1 score precision recall F1 score precision recall F1 score precision recall

SVM 0.741 0.76 0.744 0.751 0.77 0.754 0.707 0.724 0.708
logistic regression 0.715 0.742 0.714 0.775 0.78 0.778 0.761 0.772 0.764
decision tree 0.819 0.834 0.822 0.779 0.79 0.778 0.792 0.818 0.792
random forest 0.896 0.904 0.896 0.885 0.892 0.886 0.888 0.894 0.888
gradient boost 0.914 0.922 0.912 0.903 0.912 0.904 0.892 0.9 0.89
XGBoost 0.848 0.858 0.85 0.813 0.824 0.816 0.81 0.822 0.81

aBold font indicates the best-performing model with TSFRESH-based features (A) and both features (B). Italic, bold font indicates the best model
performance of all models and all combinations of features. Abbreviations: augmentation (Aug).
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features from the first 20 and 15 min of the initial transient
response, respectively. Comparison of Tables 3 and S6 shows
that data augmentation resulted in an average F1 score
improvement of 7.2, 6.6, and 5.5% using both feature types vs.
only TSFRESH- or theory-based features for the first 20, 15,
and 10 min of the initial transient response, respectively.
As shown in Figure 4A, the six common classifiers

investigated showed a trend of improving performance with
decreasing data acquisition time using experimental data,
which was sparse and imbalanced. Four of the six models
(SVM, logistics regression, decision tree, and random forest)
showed a trend of increasing F1 score with decreasing data
acquisition time. Gradient boost and XGBoost exhibited a
nonmonotonic relationship between F1 score and data
acquisition time. However, both models gave better perform-
ance using the initial transient response relative to that using
the entire biosensor response. As shown in Figure 4B, the use
of data augmentation affected the relationship between model
performance and data acquisition time. Specifically, with data
augmentation, the F1 score of the six models was positively
correlated with the data acquisition time but with a reduced
slope (see Figure 4B). As also shown in Figure 4B, the models
performed comparably well using the initial transient response
and the entire biosensor response (i.e., data augmentation
reduced the sensitivity of the model performance to the
duration of the biosensor response utilized). Logistic
regression using the first 15 min of the initial transient
response gave a slightly better performance than using the
entire response or the first 20 and 10 min of the initial
transient response. The precision and recall exhibited similar
trends as F1 score for both the unaugmented and augmented
data, as shown in Figure 4C−F. Overall, the results show that
the integration of theory-guided machine learning (i.e., use of
only theory-based features or both feature types) and data
augmentation can significantly improve the biosensor perform-
ance, specifically, improving accuracy, speed, and reliability
(i.e., reducing the probability of false results). This work also
illustrates AI-guided design of experiments for biosensing
applications (e.g., required data acquisition time) based on
potential predefined application-dependent performance
thresholds, such as thresholds in accuracy or false results
(see Figure 4).
In addition to improving the biosensor performance, this

work may help provide new insights into the predictive power
of biosensing methods based on nonequilibrium signal analysis,
particularly based on initial velocity (i.e., “slope” or rate of
change of the sensor signal). For example, while several
approaches based on transient signal analysis have demon-
strated promise for reducing biosensor measurement time,53

they are often based on extracting a single feature or a small
number of features from TS data, such as slope (i.e., velocity).
Our work extends that principle by highlighting the availability
of many features in biosensor TS data that exhibit predictive
power through feature importance analysis, including the rate
of change of the normalized signal (i.e., a velocity-related
feature) and the signal variance in initial time windows (see
Tables S1 and S9 for the detailed feature descriptions). Thus,
this work provides support for the predictive power of the
initial velocity in biosensing applications by leveraging the
power of theory-guided data science models. One significant
difference between established biosensing methods based on
nonequilibrium signal analysis, such as based on initial velocity
using regression analysis, and this work is the use of a labeled

TS data structure in this study, which enables quantification of
the target analyte concentration with a quantifiable probability
of false results using classification.

■ CONCLUSIONS
Here, we show that theory-guided machine learning facilitates
rapid and accurate biosensing with quantifiable false-negative
and false-positive results based on the classification of dynamic
biosensor responses, including the initial transient response.
Results were obtained using experimental biosensor data with
and without data augmentation. We found that the integration
of domain knowledge in biosensing (e.g., multiphysics models
of biosensor function) improved the performance of machine
learning models, including accuracy and efficiency. Future
work will investigate the dependence of the model perform-
ance (e.g., accuracy) and minimum time delay on the number
of theory-guided features utilized as well as examine the effect
of including labeled false responses in the classification task
(e.g., caused by drift or nonspecific binding). The reported
methodology may also provide a path to help redefine and
improve the performance of other types of biosensors and
other performance attributes beyond speed and accuracy (e.g.,
sensitivity). Overall, this work shows how theory-guided
machine learning can help improve the performance of
biosensors and potentially the understanding of processes
that generate false responses as well as how domain knowledge
in biosensing can help improve the performance and
explainability of data-driven biosensing strategies.
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