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Abstract—COVID-19 has devastated the entire world for the
past couple of years. Timely and efficient detection and iden-
tification of a virus are crucial in preventing the wider virus
spread. By using intelligent sensors based on Surface-Enhanced
Raman Scattering (SERS), it is possible to detect and identify
virus automatically. In this study, we successfully applied the
XGBoost Algorithm (Supervised Machine Learning) to classify
the type of the virus using the SERS sensor data. The supervised
approach has a limitation when a new type of virus arises,
whose shape is different from the previously known samples. To
tackle this problem, we investigated the unsupervised learning
approaches that can cluster the virus data into different groups
without labeled data. The unsupervised approach presented in
this paper is called k-Shape Clustering. This technique compares
the cross-correlation between different samples and then clusters
them into similar or different groups. If a subvariant of a virus
emerges, it would be clustered into the existing virus groups; if
a new type of virus is found, it would be clustered into a new
group. Both of the approaches have shown very promising results
based on extensive evaluations.

Index Terms—k-Shape, XGBoost, Human Virus, COVID-19,
Raman Scattering

I. INTRODUCTION

Studies have shown that human evolution goes hand-in-
hand with the evolution of viruses [1]. These viruses vary in
nature, affecting different systems of human body; some target
DNA, while others target RNA. As viruses evolve, we need to
continue developing new sophisticated methods for detection
and diagnosis. Numerous scientific approaches have been
implemented in such research, but our focus in this study is on
Machine learning. Machine learning approaches are extremely
useful tools that have become increasingly important in diverse
and interdisciplinary research fields. Allam et al. [2] noted
how some companies were able to anticipate the emergence
of COVID-19 in China before it caught the world by surprise
by relying on technologies like AI, Machine learning, Big
data and Natural Language Processing (NLP) algorithms to
make predictions about infectious disease outbreaks, spreads,
interventions and event severity.

Time-series data are a sequence of data points indexed in
time order. The most common examples of time-series data are
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weather records over a certain period or measurements from
any sensor over a period. Time-series data are ubiquitous and
have vast applications in fields as diverse as medicine, finance,
business, biology, astronomy or engineering.

For supervised learning, we used the extremely powerful
and robust XGBoost (eXtreme Gradient Boosting) algorithm,
which has recently begun to dominate Machine learning
classification tasks because of its ability to achieve vastly
superior results using considerably fewer computational re-
sources. XGBoost is a decision-tree based ensemble Machine
learning algorithm utilizing the gradient boosting framework.
In gradient boosting, new models are created that predict the
errors of prior models and then add together to make the final
prediction.

For unsupervised learning, clustering is one of the most
common techniques applied for such data, mostly due to its
vast nature. Processing this type of data through a supervised
learning approach would require a massive amount of human
effort to first label the data. Different clustering techniques
are employed according to the suitability or application of the
relevant data. For time-series clustering, k-Shape clustering has
shown to outperform other clustering algorithms.

The k-Shape is a relatively new algorithm used for shape-
based clustering of time-series data. This algorithm was first
proposed by Paparrizos et al. [3] It relies on a scalable iterative
refinement procedure (similar to k-Means) that helps create
well-separated clusters. However, it has a different distance
measure and centroid computation method. The k-Shape al-
gorithm uses a normalized version of the cross-correlation
measure to consider the shapes of time-series while comparing
them. This distance measure is both scale and shift-invariant.
The cluster centroids are calculated iteratively based on the
properties of normalized version of cross-correlation.

We obtained the SERS spectra of viruses incubated in a
biosafety level 2 lab in the Animal Health Research Center
at the University of Georgia. The illumination of matter with
laser light triggers various events, including inelastic photon
scattering due to the excitation of vibrational modes within the
sample. These inelastic processes, including Stokes and anti-
Stokes scattering, are referred to as Raman scattering. The
Raman peak frequencies and relative intensities of different
vibrational modes reflect the bond strength and identity of the978-1-6654-3540-6/22 © 2022 IEEE



atoms that contribute to the modes and are thus characteristic
of a material or molecule [4]. However, Raman signals are
extremely weak, owing to the small Raman cross-section
and the mismatch between the length scale of molecules (on
the order of 1 nanometers[nm]) and the wavelength of light
(several hundred nm). The overall enhancement includes con-
tributions from electromagnetic enhancement, due mainly to
the plasmon excitation of metal nanostructures, and chemical
enhancement, which originates from chemical interactions and
photon-induced charge transfer between the metal and target
molecule. Surface-enhanced Raman scattering (SERS), with
the potential to achieve single molecule detection, is attractive
and promising for multiplex detection [5]. SERS offers a
unique “signature” spectral profile with very narrow spectra
peaks for an individual analyte, and has been demonstrated as
able to detect trace amounts of biomarkers [6].

The major contributions of our study are summarized as
follows:

1) We propose a Raman-Scattering-based sensor system for
virus detection

2) We propose XGBoost algorithm (supervised machine
learning) and k-Shape clustering (unsupervised machine
learning) for virus identification

3) We compare the performance of two algorithms.

Fig. 1. Typical average SERS spectra of H1N1 in buffer with different
concentrations. The concentrations are labeled beside the SERS spectra with
the unit of PFU/mL.

II. RELATED WORKS

The use of Machine learning for virus detection is not
a new topic. The fundamental task in Machine learning re-
search is collection and gathering of data. Different techniques
have been employed to obtain samples for virus identifi-
cation. Eldow [7] reviewed the early and recent initiatives
and applications of Machine learning in the detection and
diagnosis of COVID-19. The review includes the traditional
Machine learning methods and the newer Deep learning-based
prediction models. Salehi et al. [8] reviewed the machine

and deep learning models for the detection and prediction of
coronavirus. Kwekha-Rashid et al. [9] analyzed coronavirus
disease cases using Machine learning applications and showed
that Machine learning can play an important role in COVID-
19 investigation, prediction, and discrimination. Quiroz-Juarez
et al. [10] focused their study on identifying high-risk COVID
patients using Machine learning. Their study predicted survial
rates for a COVID-infected person and demonstrated that
the proposed method could detect high-risk patients with
high accuracy in each of four identified clinical stages, thus
improving hospital capacity planning and timely treatment.

However, it has been shown that using Raman
spectroscopy/scattering-based methods can greatly improve
study results. Lambert et al. [11] heralded Raman spectroscopy
as the gateway into tomorrow’s virology. Raman spectroscopy
is a spectroscopic technique that measures the unique Raman
spectra for every type of biological molecule. Moor et al.
[12] showed that Raman spectroscopy on live human cells
can detect a virus in 3 hrs. Further, Carlomagno et al.
[13] presented a salivary Raman fingerprint-based approach
that can discriminate the signal of patients with a current
COVID-19 infection from healthy subjects. Chen [14]
used serum Raman spectroscopy to detect COVID19 using
Machine learning methods. Ember et al. [15] further extended
this technique by applying the saliva-based detection of
COVID-19 infection in a real-world setting using reagent-free
Raman spectroscopy and machine learning. They showed that
Machine learning models can be updated easily without the
need to develop new reagents and conclude that their findings
may pave the way for new rapid Raman spectroscopic tools
for research on COVID19 and other infectious diseases.

The research studies described have certain shortcomings.
They rely on labeled data and prior human knowledge about
the type of virus they are predicting. As mentioned earlier,
these viruses are continuously evolving. Therefore, we have
to develop tools that can predict the unseen. This is where
unsupervised machine learning comes in.

What differentiates our study from others is that we used
supervised as well as unsupervised machine learning. For
supervised learning, we employed the XGBoost (extreme
gradient boost) algorithm, a highly efficient and robust clas-
sification algorithm that has been shown to outperform other
traditional supervised learning models.

Several previous studies have demonstrated the advantages
of using XGBoost. Hasani et al. [16] developed an automated
COVID-19 detection system using x-ray images, deep learning
and XGBoost. Li et al. [17], employed XGBoost to identify
a single-gene biomarker with a high diagnostic accuracy for
identifying acute respiratory infection (ARI) cases involving
influenza infection. Chen et al. [18] used XGBoost and hidden
Markov model (HMM) methods to predict HIV-1 tropism and
found that machine learning methods achieve vastly superior
results compared to the state-of-the-art methods. Dong et
al. [19] developed a non-contact screening-based system for
detecting COVID-19 using XGBoost and logistic regression.

The second part of our research focuses on a clustering



technique (unsupervised machine learning). Aradhya et al.
[20] used a one-shot cluster-based approach to detect four
classes i.e. bacterial pneumonia, viral pneumonia, COVID-19
and normal from chest x-ray images. Ghumman et al. [21]
discussed the machine learning-based clustering of COVID-
19 symptoms. They found that dividing the set of medical
symptoms experienced by COVID-19 patients into distinct
clusters facilitated an understanding of the different kinds of
effects that this disease has on human beings and will also
enable the development of suitable and effective treatments.

In our study, we used the k-Shape, a novel clustering
algorithm. Zubair et al. used [22] the k-Shape to analyze
COVID-19 healthcare services of different countries using
clustering. Csefalvay [23] used k-Shape to analyze time-series
vector quantization and partitioning of COVID-19 cases in the
United States.

III. DESIGN AND ANALYSIS

A. System Design

SERS spectra were obtained from incubated viruses from
cells in a biosafety level 2 lab in the Animal Health Research
Center at the University of Georgia. The datset contains 12207
virus samples belonging to 16 different virus types including
SARS-CoV-2, CoV 229E, H1N1. Further, each sample has
1400 SERS spectra values.

SARS-CoV-2, SARS-CoV-2 B1 variant, CoVs 229E, NL63
and OC43, influenza B (IBV), RSV, Ad5, HMPV-A and
HMPV-B were propagated in Vero E6 cells, which were
maintained in Dulbecco’s Modified Eagles Medium (DMEM;
GIBCO BRL laboratories, Grand Island, NY) supplemented
with 1% heat-inactivated (56 °C) FBS (Hyclone Laboratories,
Salt Lake City, UT). Influenza strains, H1N1 and H3N2, were
propagated in embryonated chicken eggs, and virus titers were
determined by hemagglutination assay using chicken red blood
cells.

To obtain the SERS virus signal, the original virus samples
were diluted with pure water. 5 µL of the diluted virus sample
was dispersed onto the silica shell coated silver nanorod
substrates and air-dried at 20°C. The SERS spectra were
collected from random selected locations with a Tec5USA
Raman spectrometer (Tec5USA Inc.), with a 785 nm excitation
wavelength and a ∼ 100µm (diameter) laser spot. The laser
power was 32 mW and the acquisition time was 2 s. Fig. 1
shows the typical average SERS spectra in buffer with different
concentrations.

B. Supervised Classification

In the first part of our study, we designed the supervised
machine learning algorithms for virus identification. XGBoost
algorithm [24] stands out from several candidate algorithms
because of its superior performance. Boosting is an ensem-
ble learning method that combines a set of weak learning
algorithms to create a strong learning algorithm to improve
training accuracy. In this method, a random sample is drawn
and trained sequentially after model fitting. In this way, each
model compensates for the weaknesses of the previous one.

After numerous iterations, the weak rules from each individual
classifier are combined to form a strong rule.

For each virus sample, we obtained 1400 sensor measure-
ments. This problem can be formulated as follows. Suppose we
have a training sample {xi, yi}ni=1 that is obtained from SERS
spectra, where xi is a vector of 1400 sensor measurements
observed at time i, and yi is the virus label. Denote R and
Z+ the sets of all real numbers and all positive integers,
respectively. Let S be a set of real-valued functions and define
a linear function space.

span(S) =

{
h =

K∑
k=1

ωkhk : hk ∈ S, ωk ∈ R,K ∈ Z+

}
,

where h1, . . . , hK is a sequence of classification trees, and
ω1, . . . , ωK are their ensemble weights. A classification tree
boosting model h, as an element of span(S), is proposed to
classify viruses by

ŷi = h(xi) =

K∑
k=1

ωkhk(xi), i = 1, . . . , n.

Then, fitting the training sample with a classification tree
boosting model is equivalent to (approximately) solving an
optimization problem

inf
h∈span(S)

n∑
i=1

ℓ(h(xi), yi) +

K∑
k=1

P (hk), (1)

where ℓ is a loss function that measures the distance
between the true and predicted response variable, and P is
a regularization function to penalize the model complexity of
the k-th tree.

The solution to the above problem is not easily computed.
Various algorithms have been used to approximate the above
solution. The earliest examples include adaptive boosting [25],
[26], which uses weighted versions of the same training data
repeatedly. Gradient boosting uses iterative functional gradient
descent algorithms [27]. It attempts to find the local minimum
of the differentiable loss function and improve it through
iterations, as the negative gradient gives the best steepest-
descent step direction. To avoid overfitting, it uses shrinkage
[28] and column subsampling [29]. XGBoost offers a perfect
combination of software and hardware optimization techniques
to yield superior results using fewer computational resources
in the shortest amount of time.

XGBoost is an open-source gradient boosting library, that
is scalable, portable and distributed and has interfaces for
various popular programming languages. We used the Python
XGBoost classification package in our study. In our XGBoost
classification model, we experimented to determine the best
hyperparameters by observing the classification accuracy, er-
ror and logloss on training and testing sets (Fig. 2). After sev-
eral iterations, we determined the following hyperparameters.
The learning rate was set to 0.30 and the maximum depth was
set to 6. We used 100 iterations with early stopping after 10
iterations if no meaningful change in accuracy was observed.



Fig. 2. XGBoost classification errors & log loss

C. Unsupervised Clustering

The second part of our study focused on unsupervised
machine learning. Clustering is defined as partitioning n ob-
servations into k clusters. The elements within a cluster are
similar to one another and different from the elements in other
clusters. The most commonly used clustering criterion is the
minimum within-cluster sum of squared distances. Given a set
of n observations X = {x⃗1, . . . , x⃗n} where x⃗i ∈ Rm and the
number of clusters k < n, the objective is to partition X into
k pair-wise disjoint clusters P = {p1, . . . , pk} such that the
within-cluster sum of squared distance is minimized:

P ∗ = argmin
P

k∑
j=1

∑
x⃗i∈pj

dist (x⃗i, c⃗j)
2 (2)

where c⃗j is the centroid of partition pj ∈ P . Various
algorithms have been used to approximate this solution. The
most commonly used clustering algorithm is k-Means which
randomly assigns the data points into k clusters and uses an
iterative procedure to first assign every data point to the nearest
centroid and then update the cluster centroids. This process is
repeated until convergence criteria are met, i.e, when there
is no change in clusters or the maximum number of iterative
steps is reached. The k-Means clustering commonly uses the
Euclidean distance as the measure for computing the distance
between data points and centroids.

For time-series clustering, k-Shape is an efficient and accu-
rate algorithm that checks for cross-correlation between time-
series sequences [25]. This algorithm was proposed by John
Paparrizos and Luis Gravano and relies on a scalable iterative
refinement procedure, which creates homogeneous and well-
separated clusters. The k-Shape clustering uses a normalized
version of the cross-correlation measure. The cluster centroids
are computed based on that distance measure. This approach
has shown to outperform other clustering approaches for time-
series data in terms of accuracy and the needed computational
resources.

Since the distance measure is a normalized version of
cross-correlation, the first step of this algorithm involves
computing the cross-correlation between different samples.
Cross-correlation is a statistical measure that can determine
the similarity of two sequences even if they are not aligned.
Assume we have two sequences x⃗ = (x1, . . . , xm) and
y⃗ = (y1, . . . , ym). Then, the cross-correlation is computed

by keeping one of them, i.e, y⃗, static and sliding x⃗ over it to
compute the inner product for each shift s of x⃗. This can be
written as follows:

x⃗(s) =


(

|s|︷ ︸︸ ︷
0, . . . , 0, x1, x2, . . . , xm−s), s ≥ 0

(x1−s, . . . , xm−1, xm, 0, . . . , 0︸ ︷︷ ︸
|s|

), s < 0
(3)

The goal is to find the position at which this dot prod-
uct is maximized, which provides the optimal shift, and to
find the cross-correlation sequence. Afterwards, the shape-
based distance (SBD) is calculated by finding the position w
where the normalized cross-correlation sequence NCCc(x⃗, y⃗)
is maximized and using the following equation:

SBD(x⃗, y⃗) = 1−max
w

(
CCw(x⃗, y⃗)√

R0(x⃗, x⃗) ·R0(y⃗, y⃗)

)
(4)

where CCw is the cross-correlation sequence, and Ro

is the autocorrelation. Usually, the centroid computation is
performed by finding the minimum of the sum of squared
distances. However, in k-Shape, centroid computation requires
finding the maximum correlation. Therefore, the centroid
computation is performed by finding the maximizer µ⃗⋆

k of
the squared similarities to all other time-series sequences as
follows:

µ⃗⋆
k = argmax

−→µk

∑
−→xi∈Pk

NCCc (
−→xi ,

−→µk)
2

= argmax
µk

∑
−→xi∈Pk

(
maxw CCw (−→xi ,

−→µk)√
R0 (

−→xi ,
−→xi) ·R0 (

−→µk,
−→µk)

)2 (5)

The iterative refinement procedure of k-Shape is similar
to k-Means. In this iterative process, k-Shape performs two
steps. In the assignment step, the algorithm updates the cluster
memberships by comparing each time series with all computed
centroids and by assigning each time series to the cluster of the
closest centroid. In the refinement step, the cluster centroids
are updated to reflect the changes in cluster memberships in
the previous step. The process is repeated until the algorithm
converges or reaches the maximum number of iterations.

As discussed previously, clustering is an unsupervised
method. Various techniques have been used to find the optimal
number of clusters. The most commonly used methods are the
elbow method and dendrograms. For k-Shape clustering, we
observe the SBD and arrive at the optimal number of clusters.

IV. EVALUATIONS AND VALIDATIONS

We present the results of our studies in this section. The
virus samples were obtained using a SERS sensor. The 12207
preprocessed virus samples belong to 16 different virus types.
In classification, the dataset was randomly divided into three
parts: training, validation and testing. The model was trained
using an XGBoost classifier. We also used 10-fold cross-
validation to verify our results.



A. Analysis of results

The main classification metrics are confusion matrix, accu-
racy, sensitivity, specificity, false positive rate and precision.
Our XGBoost classiifer achieved an accuracy of 99.56%,
sensitivity of 99.40%, specificity of 99.97%, false positive
rate of 0.027% and precision of 99.44%. The results are
summarized in Table I.

TABLE I
SUMMARY OF XGBOOST CLASSIFICATION

Metric Score
Accuracy 99.56%
Sensitivity 99.40%
Specificity 99.97%

False Positive Rate 0.027%
Precision 99.44%

The confusion matrix for XGBoost classification is shown in
Fig 3. The diagonal entries represent the number of samples
that were classified correctly for each class, while the non-
diagonal entries represent the incorrectly classified samples
for each class.

Fig. 3. Confusion Matrix

Overall, the XGBoost classification achieved excellent re-
sults in classifying the virus samples according to virus types,
with more than 99 percent accuracy as represented by our
classification metrics.

For clustering, we first converted the dataset to a time-series
format. The data was then scaled by using the time-series
scalar mean variance method. Following this, the clustering
algorithm was trained to form 16 clusters corresponding to
different viruses. The main metrics for clustering were the
Rand score, Devies-Bouldin score, adjusted mututal info score
and the normalized mutual info score. These scores are sum-
marized in Table II.

TABLE II
SUMMARY OF k-SHAPE CLUSTERING RESULTS

Metric Score
Rand Score 93.63%

Devies-Bouldin Score 1.3631
Adjusted Mutual-Info Score 76.46%

Normalized Mutual-Info Score 76.54%

Fig. 4. Ground Truth vs Classification Results vs Clusters

A Rand score of 93.63% and Devies-Bouldin score of 1.36
(closer to zero indicates good clustering) indicates an excellent
result, and the adjusted and normalized mutual info scores of
more than 76% are also very good. The main findings of the
clustering, however, are the generated clusters.

B. Comparison of Classification and Clustering Results

Finally, we compared the classification and clustering results
by plotting them against each other and against the ground
truth. First, we rearranged the classification/ground truth
classes plots to obtain the correct mapping. This was done
because the cluster numbers and classes numbers were not the
same. We compared the classification and clustering results in
Fig. 4, which shows the plots for 8 classes/clusters. In our
analysis, 14 clusters were largely similar to the classification



results. Only 2 clusters (10 and 12, not shown because of space
constraints) did not seem to demonstrate a strong match with
the classification results. Overall, these results are excellent
and highly promising.

V. CONCLUSION

In this study, we detected human viruses using Machine
learning approaches. The paper presented a classification (su-
pervised machine learning) and clustering (unsupervised ma-
chine learning) approach for the automatic detection of human
viruses and compared the results. The virus samples were
obtained with a surface-enhanced Raman scattering (SERS)
sensor. We used the XGBoost algorithm for classification and
the k-Shape Algorithm for clustering, to study a dataset con-
taining 12207 virus samples belonging to 16 different classes
of viruses. XGBoost achieved a classification accuracy of 99%.
We verified our results through 10-fold cross-validation. The k-
Shape algorithm achieved a Rand score of 92.4%. The results
were clustered into 16 groups representing various types of
viruses. Finally, we compared the classification and clustering
results by plotting them against each other and also against the
ground truth. We found that 14 (of 16) clusters were similar to
the classification results and ground truth. Overall, the method
of applying k-Shape algorithm (unsupervised machine learn-
ing) to identify viruses is promising and should be explored
further.
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