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A B S T R A C T

Asthma is a chronic disease characterized by wheezing, chest tightening and difficulty in breathing due to
inflammation of lung airways. Early risk prediction of asthma is crucial for proper and effective management.
This study presents the use of machine learning approach for risk prediction of asthma by evaluating Raman
spectral variations between asthmatic as well as healthy sera samples. Specifically, Raman spectra from 150
asthma and 52 healthy control blood sera samples were acquired. Spectral analyses illustrated significant
spectral variations (p < 0.0001) in the asthmatic samples when compared with healthy sera. The existing
spectral differences were further exploited by using artificial neural network (ANN) along with support vector
machine (SVM) and random forest (RF) algorithms towards machine-assisted classification of the two groups.
Quantitative comparison of the evaluation metrics of the classification algorithms showed superior performance
of SVM model. Our results indicate that Raman spectroscopy in tandem with SVM can be used in the diagnosis
and machine-assisted classification of asthma patients with promising accuracy.

1. Introduction

Asthma is a chronic disease which arises due to blockage of airways
in the lungs. The characteristic symptoms of asthma are wheezing,
chest tightness and difficulty in breathing [1]. Pathophysiological
changes appeared in asthma are due to the interaction between dif-
ferent cells, cytokines and cellular elements. Such molecular interaction
activates a number of inflammatory cytokines e.g. interleukin (IL)
4,9,13 and effector cells due to T-helper type-2 cells (Th2), which
triggers the immunological response followed by obstruction of airflow
[2–4]. It is one of the most prevalent inflammatory diseases in humans,
affecting peoples of all ages and cultural groups [5]. It is ranked 28th
among the leading causes of disease burden globally, particularly in
low- and middle-income countries (LMICs). According to 2016 report,
the asthma disease affected around 340 million people around the
world [7]. Mortality and morbidity rates of asthma are increasing day
by day globally. The average annual prevalence rate of asthma is higher
in kids (9.5%) than adults (7.7%) [8].

Generally, the diagnosis of asthma is built on clinical signs and
symptoms. It requires a complete medical assessment and physical

inspection alongside of a lung function test. While the lung function test
is difficult to execute in children particularly with ages around five
years. Most often, the differential opinion of asthma becomes difficult
due to the similarity of the symptoms with many other lung diseases.
Such confusions can lead to the misdiagnosis of asthma such as
bronchiolitis or with pneumonia (common cold). Hence, identification
of asthma particularly in infants is still a challenge for clinicians [1,9].
Once established, the treatment of asthma is relatively slow and based
on measure of severity of the disease instead of its pathophysiology. The
damaged caused by the inflammation or the disorder of the airways is
somehow reversible. In some asthmatic patients, the reversibility may
be incomplete and cannot be fully cured [10]. Early identification and
prevention of such chronic and most prevalent diseases is highly ap-
preciable as well as crucial for disease management authorities
[11–13]. False or less accurate prediction might cause overtreatment of
higher percentages of people or under treatment of several others [14].

Machine learning is a set of statistical tools or techniques that are
very helpful because it analyze the data in different perspective and
provide useful information [15]. These techniques are able to discover
concealed information from a vast amount of disease-related records. A
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number of models are available for predicting disease risk based on
immense physical examinations data [11,16]. Such techniques over-
come the limitations of human error and subjectivity, and are used in
process of decision making based on the knowledge learned by input
data [17]. Using machine learning approaches for early asthma risk
prediction can prevent and manage the disease burden in a systematic
way. People who are at high risk of developing asthma will be identified
well before the onset of the disease. Prior identification of the risk leads
to the timely prevention of the disease and can significantly reduce the
rates of asthma prevalence. Which in turn, reduce the load on clinician
particularly in making decision regarding infants, improving the pa-
tient’s life quality and contribute to the limited and responsible utili-
zation of health resources [18].

In current study, three well-accepted classification algorithms are
applied on asthmatic patient’s data sets for disease risk prediction.
These algorithms includes support vector machine (SVM) along with
artificial neural network (ANN) and random forest (RF). The Raman
spectral data acquired from asthmatic as well as control blood sera were
fed to these classifiers. The outcome of this study is to obtain an opti-
mized classifier among the above by comparing their results for asthma
risk prediction. Hence, Raman spectral data together with such an op-
timized machine algorithm will help in executing real time classifica-
tion. It is also intended to extend the same approach for further diseases
as well.

2. Material and methods

2.1. Blood collection and serum preparation

On the whole blood samples of 150 asthmatic patients were gath-
ered at Pakistan Institute of Medical Sciences (PIMS) hospital,
Islamabad. Additionally, blood samples from 52 healthy volunteers
were also collected as control. The demographic analysis and clinical
characteristics of patients along with complete history were noted on
proper questionnaire formatted for research activities. It includes dif-
ferent parameters like name of patient, age of the patient, gender,
lifestyle, other allergic diseases and the condition of disease. Patients
with missing data are not included in the present study. The partici-
pants (including parents and their children) shared useful information
by answering questions like asthma and other allergic symptoms,
wheezing episodes, family history, parental history, and so on. Table 1
depicts the age as well as gender distribution of the overall patients.

From each individual, blood sample was collected in gel tube (gel&
clot activator, ImuMed, Germany). All samples were positioned upright
for about 30min at room temperature and allowed to clot before serum
extraction. All samples were then centrifuged using Hettich Centrifuge
D-7200, Germany operated at 3500 rpm for 10min. After centrifuga-
tion, the supernatant sera were immediately transferred to 1.5ml ali-
quot tubes with the help of pipette, labeled and stored at −16 °C until
further use. During the whole exercise i.e. from patients’ blood collec-
tion to sera extraction, precautionary measures were strictly followed.

2.2. Acquisition of Raman spectra and its data processing

After thawing, from each serum sample a drop of 30 μl was put on
glass slide and allowed the water moisture to evaporate under room

temperature. In semi-dried condition, Raman spectra was acquired from
every single sample using μRamboss (DONGWOO OPRTON, South
Korea) Raman spectrometer with 4 cm−1 resolution as described in
[19]. A continuous laser system of 532 nm wavelength and 40mW
power at sample surface is used as an excitation source. The power of
the laser source was so chosen as to avoid any photo-degradation of the
sample. Every sample was exposed five times at different location and
averaged to include representation from the whole sample. The ex-
posure time was set at 5 s throughout. An objective lens of 100x mag-
nification and numerical aperture of 0.7 is used for focusing and col-
lection of Raman signals; with such microscopic lens, the laser beam
was tightly focused (i.e., beam diameter ˜ micrometer). Raman spectral
data was acquired on the entire detector range i.e. −32 to 1836 cm−1

but only the region from 600–1700 cm−1 has been used for subsequent
spectral analysis in this study.

The Raman spectra acquired from the sera samples contained con-
siderable noise and inherent fluorescence from the naturally available
fluorophores, which significantly compromise the weak Raman signal,
necessitating pre-processing of the raw spectra before the analyzing the
possible differences in the spectra from the sera samples in the two
groups. The average Raman spectra from each sera sample was
smoothed, baseline corrected and normalized in the MATLAB en-
vironment. Afterwards, a mean representative Raman spectrum of both
the asthma and normal groups was obtained by averaging out the
normalized Raman spectra of all individual samples in the respective
group, as shown in Fig. 2.

2.3. Classification algorithms

After spectra acquisition and data preprocessing, the next step was
to develop, evaluate, and compare different computer assisted multi-
variate models for classification of the healthy and asthma samples by
highlighting the differences in their Raman spectra. Albeit several
classification algorithms have been suggested and implemented in the
framework of biomedical optics, only three such algorithms were se-
lected due to their accurate classification capability as well as their
quick response. Specifically, we developed custom models of artificial
neural network (ANN), support vector machine (SVM) and random
forest (RF) algorithms to automatically classify between healthy and
asthma samples. Details of these algorithms can be seen elsewhere
[6,20,21]. To facilitate a one-to-one comparison, the 10-fold cross-va-
lidation model was used for all three classification algorithms. The
quantitative comparison was carried out by the corresponding evalua-
tion metrics of sensitivity (Sn), specificity (Sp), positive predictive value
(PPV ), negative predictive value (NPV ), accuracy (Acc), Mathew’s
correlation coefficient (MCC), and receiver operator characteristic
(ROC) curve for each algorithm. To facilitate understanding of the
reader, Fig. 1 shows the overview of the methodology used in this study
in the form of a schematic flow chart.

3. Results and discussion

3.1. Data analysis

Blood serum of asthmatic individuals is analyzed for optical diag-
nosis using Raman spectroscopy. Serum extracted from human blood is
a biofluid that contains a variety of different biomolecular constituents
including lipids and fats, a variety of vitamins and minerals, glucose
and immunoglobulin [19]. All biological samples exhibit different
Raman spectra comprised of several Raman peaks. Each peak is as-
signed to a biomolecule on the basis of their specific vibration sequence
[22]. Fig. 2 shows the Raman spectra of healthy and asthmatic blood
sera. For demonstration purpose, normalized mean Raman spectra of
healthy group are shown in black color, whereas, asthmatic group are
shown in red color.

On comparison of the diseased and normal samples, almost similar

Table 1
Age and gender wise sampling distribution of asthmatic patients and healthy
volunteers.

Males Females Age (years)

Range Mean

Asthmatic 83 67 27-65 46
Healthy 23 29 23-53 38
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pattern was observed, however there is a major difference in Raman
shifts intensity. Raman spectra of healthy sera, shows three very distinct
and noticeable Raman peaks arises at 998 cm−1 which is assigned to
phenylalanine and peaks at shift position 1150 and 1510 cm−1 assigned
to carotenoids [23]. These Raman peaks are well preserved and re-
producible. Excitation at 532 nm results in strong enhancement of these
Raman peaks. In diseased sera samples, the peaks at shift position 1150
and 1510 cm−1 are somehow diminishing or repressing. In contrast,
novel peaks are appeared at diverse locations for example at 749, 824,
844, 923–947, 1198, 1228, 1325, 1437 and 1647 cm−1 as clearly seen
in Fig. 2. The overall Raman spectral data acquired from all sera sam-
ples are off (blue shifted) by 4–7 cm−1 due to system calibration. The
calibration curve of silicon confirmed this blue shifted offset which can

be seen in supporting document (Fig. 1S). The observed variety of ad-
ditional peaks could be ascribed to the increased immune hyper-re-
sponse in rigorous asthma attacks that might direct the elevated se-
cretion of certain biomolecule like serum protein albumin and
immunoglobulin comparative to carotenoids.

The characteristic peak observed at 998 cm−1 arises due to pheny-
lalanine’s breathing mode of benzene symmetric ring available in pro-
teins [23]. Comparison of control and diseased sera samples shows an

Fig. 1. Schematic flowchart showing the summary of the methodology used in this study.

Fig. 2. Mean Raman spectra of blood sera for healthy control (black pseudo
color) and asthma patients (red pseudo color). The overall Raman spectral data
acquired from all sera samples are off (blue shifted) by 6-7 cm−1 due to system
calibration. ★★=p value< 0.01; ★★★ < 0.001, calculated with two-tail
unpaired t-test; n (normal)= 52, n (asthma)=150.

Table 2
Summary of the peak position, peak values, p-values and confidence intervals
for the Raman spectra of healthy and asthma samples.

Sr. No. Peak Position Peak Value p value (CI)

Normal Asthma

1 750 0.155 0.214 0.0008 (−0.093 −0025)
2 830 0.172 0.220 0.0054 (−0.082 to −0.014)
3 930 0.262 0.362 < 0.0001 (−0.143 to −0.057)
4 998 0.580 0.686 < 0.0001 (−0.157 to −0.054)
5 1156 0.422 0.417 0.775 (−0.029 – 0.39)
6 1190 0.224 0.214 0.488 (-0.018 - 0.038)
7 1230 0.198 0.254 0.003 (−0.093 to −0.019)
8 1330 0.347 0.282 0.005 (0.020 – 0.111)
9 1430 0.215 0.461 < 0.0001 (−0.300 to −0.191)
10 1515 0.429 0.430 0.956 (-0.038 – 0.036)
11 1656 0.277 0.435 < 0.0001 (−0.222 to −0.094)

Table 3
Confusion matrix of various classification algorithms evaluating the differences
in mean Raman spectra of blood sera from healthy and asthma samples.

Classifier Asthma sample Normal sample

Artificial Neural Network 142 8 Asthma sample
8 44 Normal sample

Support Vector Machine 147 3 Asthma sample
9 43 Normal sample

Random Forest 146 4 Asthma sample
12 40 Normal sample

R. Ullah, et al. Photodiagnosis and Photodynamic Therapy 28 (2019) 292–296

294



increase in intensity at this peak position. Our result depicts a notice-
ably increased level of this important agent in asthmatic sera samples as
compared to the healthy samples. Studies have shown that phenylala-
nine is among the nine most essential amino acids which are involved in
protein synthesis as well as tyrosine formation inside the liver. The
metabolism of phenylalanine depends strongly on integrity of liver
cells. Any defect or degradation of enzymes in hepatocytes i.e. liver cell
injury could elevate its concentration in the sera [24,25]. It is well
established that in asthmatic patient’s liver as well as kidney start mal
functioning, hence could be one of the reason for an elevated pheny-
lalanine level in the sera.

Furthermore, the presence of the other prominent Raman peaks at
1150 and 1510 cm−1 are assigned to β-carotene [23,26]. The most
important job of this agent is to prevent damage in cell DNA in context
of lipid per oxidation. Other studies also presented the role of β-car-
otene in the prevention of many physiological disorders, for example
cardiac diseases, infection in respiratory system, diarrhea, diseases in
immune system, asthma etc. [22]. A strong association is revealed be-
tween reduced levels of β-carotene (serum vitamin-A) and severe
airway blockage in adults [23,27]. Recent study has shown a decrease
in the serum vitamin-A/β-carotene levels in children having asthma
[28]. Our results also clearly show a decrease in β-carotene in diseased
samples when compared to the normal. The analysis of these molecular
fingerprints shows a clearly reduced ratio of carotenoid between
healthy and diseased blood sera. While, the Raman peaks appear at
spectral position 740 (assigned to Tryptophan), bands at 824 and 844
(assigned to Tyrosine), 923 and 947 (CeC bond of peptide backbone),
996 (Phenylalanine), 1437 (assigned to lipids) and 1647 cm−1 (amide I
of peptide backbone) are all belongs to protein structure [29]. Such
findings possibly will assist clinicians in non-invasive identification and
differentiation diagnosis of asthma based on Raman technique.

3.2. Development of the classification models

For machine assisted classification of the asthma and healthy con-
trol samples, we developed the custom models of artificial neural net-
work (ANN), support vector machine (SVM) and random forest (RF)
classifiers in MATLAB environment. In the first step, the mean Raman
spectrum from both the asthma and healthy control samples was
carefully analyzed to identify the differences that can be used as fin-
gerprints of the samples and exploited for their classification. We
identified 11 peaks at different shift positions in the Raman spectra of
infectious and healthy groups with prominent differences and assessed
the statistical significance of these spectral differences with unpaired
student t-test. It was found that the spectral differences in 05 (out of 11)
peaks were extremely significant with p < 0.0001, highly significant
for 03 (out of 11) peaks while the difference in the remaining 03 peaks
was not statistically significant. The peak positions in the two spectra,
their differences, and the calculated p values along with the corre-
sponding 95% confidence interval (CI) have been summarized in
Table 2. In the second step, all the three algorithms (i.e., ANN, SVM and
RF) were used to classify the sera samples of the two groups on the basis
of the 08 Raman spectral peaks; each algorithm was trained on the 08
peaks with 10-fold cross-validation scheme, followed by the prediction/
classification of the samples.

3.3. Evaluation and comparison of the classification models

The performance of all three developed models i.e., ANN, SVM and
RF for classification of the samples in the two groups was assessed
through the generated confusion matrix, as depicted in Table 3. The
correctly classified healthy control vs. asthma samples by the ANN,
SVM and RF classifier were 44/52 vs. 142/150, 43/52 vs. 147/150 and
40/52 vs. 146/152, respectively. To quantitatively evaluate and com-
pare the performance of these classifiers, different metrics were calcu-
lated from the confusion matrix (Table 3), which include the sensitivity
(Sn), specificity (Sp), positive predictive value (PPV ), negative pre-
dictive value (NPV ), accuracy (Acc), Mathew’s correlation coefficient
(MCC), and receiver operator characteristic (ROC) curve, as presented
in Table 4. From the comparison of the evaluation metrics of the three
classifiers, it is clear that the SVM-based classification of the samples in
the two groups is better than ANN and RF. Specifically, the SVM per-
formed better in terms of Sn (= 98.0%), NPV (= 93.5%), Acc
(= 94.1%), F measure (= 96.1%) and MCC (= 84.1%), while the
ANN provides superior Sp (= 84.6%), PPV (= 94.7%) and area under
ROC curve (= 96.5%. It may be noted that the two metrics (i.e. Sp and
PV ) for ANN are only marginally better than the corresponding metrics
for SVM. The classification performance of RF algorithm was relatively
poor, as revealed from the comparison of the evaluation metrics in
Table 4.

4. Conclusion

Integration of machine learning algorithm with medical care sys-
tems would facilitate in improving the efficacy and competence of
healthcare industry. The average cost of medical organizations can be
effectively reduced by utilizing such computer aided support systems
for making decisions. Comparative analysis of the results of different
classification algorithms (i.e., ANN, SVM and RF) showed that SVM is a
more suitable technique for the classification of asthma, as the com-
parison showed its superior evaluation metrics for sensitivity, accuracy,
negative predictive value and Mathew’s correlation coefficient. Chronic
and highly prevalent infectious diseases like asthma could be managed
at early stage by implementing such data classification techniques for
screening purposes.

Appendix A. Supplementary data

Supplementary material related to this article can be found, in the
online version, at doi:https://doi.org/10.1016/j.pdpdt.2019.10.011.
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