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1. Introduction

Multiple underlying pathologies are known to preci-
pitate acute nephritis or chronic nephritis, often
leading to renal failure. These ailments are asso-
ciated with considerable morbidity and mortality,
largely due to the lack of good methodologies to di-

agnose nephropathies and monitor renal function ef-
fectively and non-invasively. Although renal biopsy
may be useful in establishing diagnosis in several dis-
eases, it is an invasive approach and impractical for
longitudinal disease monitoring. Early detection and
accurate diagnosis may avoid intensive immunosup-
pressive therapies and prevent irreversible renal da-
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Both acute nephritis and chronic nephritis account for
substantial morbidity and mortality worldwide, partly due
to the lack of reliable tools for detecting disease early and
monitoring its progression non-invasively. In this work,
Raman spectroscopy coupled with multivariate analysis
are employed for the first time to study the accelerated
progression of nephritis in anti-GBM mouse model. Preli-
minary results show up to 98% discriminant accuracy for
the severe and midly diseased and the healthy among two
strains of mice with different susceptibility to acute glo-
merulonephritis. This technique has the potential for non-
invasive or minimally-invasive early diagnosis, prognosis,
and monitoring of renal disease progression.
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mage in different renal diseases [1]. To this end, no-
vel, non-invasive biomarkers are necessary to in-
crease the accuracy and sensitivity of the diagnosis
of renal inflammation, prognostic monitoring of re-
sponse to treatment, and the detection of disease
flares in various nephropathies.

Along this direction, different serum-based and
urine-based biomarkers have been reported [2, 3]. In
lupus nephritis (LN), for example, it has been re-
ported that the composite marker of clinical vari-
ables and urine proteins such as urine monocyte che-
moattractant protein-1 (uMCP-1), urine liver-type
fatty acid–binding protein (uLFABP), urine hepcidin
(uHepcidin), urine protein/creatinine ratio (uPCR)
and serum creatinine (SCr) can be useful in reflect-
ing specific pathologic lesions in LN patients [4].
Other than histopathology analysis, light-tissue inter-
actions have shown promise for the diagnosis of var-
ious diseases in recent years [5–7]. Compared with
biopsy and biomarkers, optical methods have the po-
tential of developing non-invasive or minimally inva-
sive and objective approaches in the assessment of
pathological states [8]. Optical coherence tomogra-
phy (OCT), visible and near-infrared diffuse spectro-
scopy and imaging, confocal imaging, dynamic spec-
tral imaging, etc. have enabled new diagnostic meth-
ods in immunology, dermatology, diabetes, various
cancers and so on. OCT allows for micrometer scale
resolution images and noncontact examination. It is
sensitive to structural features of the disease, but
lack specificity in biochemical changes [9]. Diffuse
reflectance spectroscopy has been used to quantify
certain chemical components in bulk tissues by de-
tecting changes in refractive index, but cannot detect
changes from small sites, or determine the underly-
ing biochemistry [10]. In contrast, Raman and infra-
red absorption spectroscopy are known to provide
molecular fingerprints without any exogenous stains
or labels [11]. In other words, they can detect and
quantify subtle molecular or biochemical changes
within the tissue. Unlike infrared absorption, Raman
spectroscopy is particularly suited for biological tis-
sue measurements because of its low sensitivity to
water. The use of near-infrared (i.e., 700–950 nm) ir-
radiation allows deep light penetration (~1 mm) into
the tissue due to reduced scattering and water/chro-
maphore absorption.

Raman spectroscopy has been explored as a diag-
nostic and/or monitoring tool for different cancers
[12–21], diabetes [22–27], cardiovascular diseases
[28–30], cell and particle analysis [31–34] and other
clinical indications. Optical biomarkers for glomeru-
lar diseases have been explored with the labeling of
injured glomeruli with human monoclonal antibody
F1.1 [35], however, the direct analysis of tissue con-
stituents using quantitative or semi-quantitative Ra-
man spectroscopy provides a methodology for non-
invasive and label-free detection and evaluation of

disease progression. With the help of plasmonic en-
hancement, surface-enhanced Raman scattering and
spectroscopy have shown great potential in biomole-
cular sensing and imaging [22–23, 36–44].

Raman spectra obtained from biological samples
often contain significant amounts of fluorescence
background and the spectral differences between
normal and diseased tissues are generally subtle.
Also, Raman spectra contain various overlapping
Raman bands. As a result, it is difficult to visually
inspect and interpret the spectral data. Multivariate
spectral analysis methods are often used to process
the Raman spectra and facilitate data interpretation
[12–13, 44–48]. Hence, we hypothesize that Raman
spectroscopy with multivariate analysis can be an ef-
fective tool in the diagnosis of nephropathies as well.

Clinical studies of nephritis depend on both long-
itudinal and cross-sectional analysis of the medical
history of hundreds of patients of various age, gen-
der and ethnicity. While clinical studies over decades
contribute to the study of pathology, the molecular
process underlying LN is not well understood. A
particularly useful approach for studying the molecu-
lar steps underlying LN is the experimentally in-
duced anti-glomerular basement membrane (anti-
GBM) model [49–51]. Among the different varieties
of acute nephritis, anti-GBM disease or Goodpas-
ture’s disease is a relatively uncommon cause of glo-
merulonephritis when autoantibodies directed at
specific antigenic targets within the glomerular or
pulmonary basement membrane induce inflamma-
tion. Spontaneous lupus nephritis takes 6~12 months
to manifest in mouse models, while the anti-GBM
model can manifest in a quicker time frame.

In the mouse model of this disease, the abrupt
exposure to “nephrotoxic” anti-GBM antibodies can
compromise the recipient mice’s renal function in a
brisk and reproducible fashion. The severity of ra-
pidly progressive glomerulonephritis is strain depen-
dent. Depending on inbred genomes, different
strains of mice exhibit differences in their suscep-
tibility to immune-mediated nephritis and the resist-
ance to spontaneously arising nephritis. The C57BL/
6 (B6) and the 129/svJ (129) strain of mice are
known for significant low and high susceptibility to
anti-GBM disease, respectively, among 12 inbred
strains of mice [52]. They are also relatively healthy
and free of autoantibodies, which makes them suita-
ble for the study by inducing nephritis. The use of
this experimental model of acute nephritis has one
added advantage. It may also be a useful model for
studying the downstream pathways leading to
chronic nephropathies such as LN.

In this work, we demonstrate that Raman spec-
troscopy combined with multivariate analysis can be
a potential non-invasive diagnostic technique for ne-
phritis in induced anti-GBM mouse model.
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2. Methods

2.1 Mouse model

There were 2 strains of mice involved in the experi-
ment, C57BL/6 (B6) and 129/svJ (129) (Jackson La-
boratories, Bar Harbor, ME). Since females are
more prone to the disease, all diseased mice were
female. Between the two strains, B6 strains are less
susceptible to nephritis, and the 129 strains are par-
ticularly sensitive to immune-mediated glomerulone-
phritis. GBM-reactive antibodies, referred to as
“nephrotoxic serum” (NTS) was used to induce anti-
GBM glomerulonephritis. Urine samples have been
collected for 24 hr proteinuria test. All mice have
been sacrificed at Day 14, and kidney tissue has
been collected for histopathology and Raman spec-
troscopy analysis.

The spectra were measured from kidney samples
from 41 anti-GBM-challenged and healthy mice of
both strains, 8~10 weeks old. Among the 41 mice, 11
females were anti-GBM-challenged 129 mice (129-
NTS), 14 females were anti-GBM-challenged B6
mice (B6-NTS), 7 females were healthy 129 mice
(129-H), and 4 females and 5 males were healthy B6
mice (B6-H).

2.2 Data acquisition and pre-processing

Kidney samples were placed at the sample plane of
a 785 nm laser line-scan Raman microscopy system
[47]. A 133 μm × 1 μm laser line was projected on
the medulla cross section. 133 Raman spectra were
simultaneously acquired by a charge coupled device
(CCD) camera in one frame of acquisition time 30 s
at power density 3 mW/μm2. From each kidney sam-
ple, multiple frames were acquired from 5~10 ran-
domly chosen locations. Totally 476 frames consist-
ing of 140 from 129-NTS, 145 from female B6-NTS,
94 from 129-H and 97 from B6-H were acquired.

The raw spectra were curvature corrected before
binning across the entire CCD detector into one
spectrum per frame, and smoothed to reduce noise
[45]. A fifth order polynomial was used to approxi-
mate the spectroscopic background and subse-
quently removed [24, 25]. The dataset for the classi-
fier consisted of Raman spectra in the range from
530 cm–1 to 1700 cm–1.

2.3 Classification

After pre-processing, each spectrum was considered
as one feature vector. The dimension of the feature
vectors was first reduced by principal component

analysis (PCA) or linear discriminant analysis
(LDA), and then the new dataset consisting of di-
mensionality reduced feature vectors were used to
build maximum likelihood (ML) classifiers [53–54].
Matlab software (Mathworks, MA) has been em-
ployed to perform data analysis.

Due to the limited number of samples, leave-
one-out cross validation (LOOCV) and leave-one-
mouse-out cross validation (LOMOCV) were em-
ployed to test the performance and accuracy of each
classifier as a predictive model. Generally, leave-k-
out cross validation is a rotational cross validation.
The process aims to assess the performance of the
classification model and acts as a simulation for pre-
diction model with a limited dataset. In each round,
k data points were used as testing data while the re-
maining data points were used as training data. For
LOOCV, k equals one spectra. For LOMOCV, k re-
presents all the spectra from one mouse. The process
was repeated until each k spectra were used as test-
ing data once. The classification results could be sum-
marized in a classification matrix for each classifier.

Maximum likelihood (ML) estimation is a param-
etric classification method typically used after
dimension reduction. ML estimates the parameters
of a density that maximizes the likelihood of data
under the assumption that the parameters are
fixed and probability density function of the data
set is known. Assuming the samples are drawn
from a Gaussian distribution, the mean and the
covariance matrix estimated by ML are the sam-
ple mean and the sample variances. The training
data were used to construct n discriminate func-
tions giðxÞ ¼ ln pðx j CiÞ þ ln PðCiÞ; i ¼ 1; 2; . . . ; n,
where x is a feature vector, and PðCiÞ are the like-
lihood and prior probability of class Ci respectively.
The prior probability P(Ci) was based on the num-
ber of samples involved in this experiment. Then the
testing data were substituted into the discriminant
functions and each feature vector was assigned a
class accordingly. In a two class scenario, feature
vector x is assigned to Ci if giðxÞ > gjðxÞ; i 6¼ j; here,
the feature vector x is assigned to the class i with the
largest gi(x) value.

3. Results

3.1 Proteinuria and renal pathology
in anti-GBM-challenged mice

To ascertain the severity of induced nephritis, mice
were monitored over 14 days for evidence of renal
disease. As shown in Figure 1(a), the B6-NTS mice
showed slightly elevated proteinuria levels under
5 mg/24 h, while the 129-NTS demonstrated signifi-
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cantly elevated proteinuria levels at day 14. Next, in
the pathology study, 129-NTS exhibited the most
severe glomerular disease with glomerulonephritis
scores (GN scores) in the range 1.5~4 (typically
grade 3) at day 14, as is shown in Figure 1(b). In
contrast, the less susceptible B6-NTS only showed
GN scores in the range of 0~2.5, whereas the control
group of B6-H and 129-H exhibited no glomerulo-
nephritis with GN score under 1. The anti-GBM-
challenged mice also showed glomerular crescent
formation as shown in the light-microscopic views of
stained renal sections in Figure 1(c) and (d).

3.2 Raman spectra with band assignment

Figure 2 shows the average spectra from all 129-
NTS, B6-NTS, 129-H and B6-H samples. All spectra
were normalized to the largest peak [8, 13] at
1442 cm–1. Dominant Raman bands can be observed
among normal and diseased tissue corresponding to
putative biochemicals such as phenylalanine at
1000 cm–1, collagen at 1265 cm–1, lipid at 1442 cm–1,
and Amide I at 1647 cm–1. Raman bands are identi-
fied in the figure, with tentative band assignment
shown in Table 1 [5, 13–16].

3.3 Univariate analysis

Before multivariate analysis, the peak of phenylala-
nine ring at 1000 cm–1 was used as a single feature to

build a classifier. This peak shows a trend of de-
creasing peak height in the order of 129-NTS, B6-
NTS and 129H/B6-H, as is shown in Figure 3. Here
the peak intensity is calculated as the integration of
area under peak. The intra-class variation is small
compared to inter-class variation, and the inter-class
p values between any two classes are less than 0.01.

The single peak intensity was used as the only
feature in a ML classifier. Accuracy is the number of
correctly classified feature vectors divided by the
number of all feature vectors. The accuracy for the
1000 cm–1 peak intensity is only 59.45% for LOOCV
and 54.41% for LOMOCV. A single peak intensity

Figure 1 Proteinuria and renal
pathology data. (a) Slightly in-
creased proteinuria level in B6-
NTS and significantly increased
proteinuria level in 129-NTS. Each
dot represents an anti-GBM-chal-
lenged mouse. D, day. (b) GN
scores in all mice. F, female; M,
male. (c), (d) Light-microscopic
views (10×) of stained renal sec-
tions of histological nephritis and
crescent formation in 129-NTS
mice and B6-NTS mice.

Figure 2 The average Raman spectra obtained from 129-
NTS, B6-NTS, 129-H and B6-H samples are shown color-
coded. Dominat Raman bands can be observed among nor-
mal and diseased tissue corresponding to putative biochem-
icals such as phenylalanine at 1000 cm–1, collagen at
1265 cm–1, lipid at 1442 cm–1, and Amide I at 1647 cm–1.

J. Li et al.: Raman spectroscopy as a diagnostic tool for monitoring acute nephritis4
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might be able to differentiate some classes only, as it
represents only a small fraction of the spectra. From
the results of the pathology study, it is expected that
the nephritis in B6 mice would be less severe than
that in 129 mice; correspondingly discrimination of
this study group with precision may be particularly
challenging, and it was incapable of being a sole in-
dicator with high accuracy. Multivariate analysis was
then used in order to utilize more information from
the spectra instead of a single peak.

3.4 Multivariate, binary classification

We first show the classification of 3 pairs of datasets
acquired from all female mice on the same day: (1)
129-NTS vs. B6-NTS, (2) 129-NTS vs. 129-H, and
(3) B6-NTS vs. B6-H. In the PCA-ML analysis, the
majority of information is usually retained in the lar-
gest principal components (PC), and there is inevita-

ble information loss in dimensionality reduction.
However, more information does not necessarily
guarantee better accuracy. The performance is likely
to fluctuate when involving more than a certain
number of PCs and deteriorate with even more com-
ponents. The number of PCs used was determined
by the first maxima in accuracy while the cumulative
weight is more than 90% to ensure a balance be-
tween the cost of computatition and a stable per-
formance. For the LDA-ML classifier, linear discri-
minant (LD) components are the sorted eigenvalues
of the multiplication of inter-class scatter and the in-
verse intra-class scatter. For N classes, the number
of LDs equals N – 1, since the inter-class scatter is of
rank N – 1 at most.

Results in Table 2 show the summed confusion
matrix of every cross validation test. In the confu-
sion matrix, the diagonal elements are true positive
predictions for each class, and non-diagonal ele-
ments are false positive predictions. Next, we use
the following measurements to characterize the effi-
ciency of the classifiers: sensitivity and precision.
Sensitivity is the number of correctly classified sam-
ples divided by the number of actual positive sam-
ples in the data. Specificity is the number of cor-
rectly classified to other classes samples divided by
the number of samples in all other classes. Precision
is the number of correctly classified samples divided
by the number of samples labeled as positive [55]. In
Table 2, the PCA-ML accuracy for LOOCV and
LOMOCV can generally reach >98% with the first
5~6 PCs with a cumulative weight of >90%. The B6-
NTS and B6-H pair resulting in the same accuracy
with 5 PCs for LOOCV and 9 PCs for LOMOCV
respectively could be attributed to the mild condi-
tion of the disease in B6-NTS, so that the possibility
of misclassified as healthy is higher than the severe
condition of disease in 129-NTS. For such small da-
tasets, the confusion matrices for LOOCV and LO-
MOCV are the same for each group, however, the
cumulative PC weight is different in each case. For
the LDA-ML classifier, the classification accuracy
were all 100% and thus not shown in the table.
These results demonstrate that our technique can
successfully classify healthy vs. diseased and severe
vs. mild in both strains without the confounding fac-
tor of either strain of gender.

Figure 4 shows the scatter plots of PCA and
LDA. The statiscally most separable two PCs were
plotted with each dataset, and 1-D scatter plots of
LDs are ploted for all datasets. Figure 4 (i), (iv) are
129-NTS and B6-NTS, (ii), (v) are 129-NTS and 129-
H, and (iii), (vi) are B6-NTS and B6-H. It could be
seen that there is distinct difference between the
spectra from the diseased and healthy mice, as well
as between severe and mild conditions. For each da-
taset pair under the null hypothesis that the data
come from the same distribution the p-values of the

Figure 3 Box and whisker plot of the 1000 cm–1 peak inten-
sity obtained from 129-NTS, B6-NTS and 129H/B6-H. Each
group of box and whisker represents measurements from
one group of mouse. The inter-class p values are less than
0.01.

Table 1 Assignment of Raman bands.

Raman bands Tentative assignments

600–900 Nucleic acid

1000
Phenyl ring breath (Amino acid,
phenylalanine)

1031 C–H in-plane bending (phenylalanine)
1120 C–N stretch (protein backbone)
1265 Collagen, Amide III (protein)

1300
CH2 bending mode, collagen wagging
mode

1340 CH2, CH3 wagging (protein)
1442 Fatty acids, CH2 (lipids and proteins)
1542 Single human RBC, Amide II (protein)
1647 Amide I (protein)

J. Biophotonics (2015) 5
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first 3 PCs were all less than 0.05 and the null hy-
pothesis is rejected.

Classification was also performed on 129-H and
B6-H including both male and female mice. With
5 PCs, the accuracy could also reach 96.23% with
98.18% PC weight. However, the p-values of PC1,
PC2 and PC3 were 0.77,0.48 and 0.07, respectively,
indicating that they are statistically insignificance to
reject the null hypothesis. The result prompted us to

consider 129-H and B6-H as a single healthy class
(129-H/B6-H) in the following analysis.

3.5 Multivariate, multi-class classification

Next we show the clasification efficacy on all three
classes, i.e., healthy, mildly diseased, severely dis-

Table 2 Confusion matrix of classification using PCA-ML.

LOOCV LOOCV LOOCV

Predicted classes Predicted classes Predicted classes
129-NTS B6-NTS 129-NTS 129-H B6-NTS B6-H

Actual
classes

129-NTS 47 0 129-NTS 39 0 B6-NTS 55 0
B6-NTS 1 39 129-H 0 42 B6-H 1 48

Sensitivity 100% 100% 100%
Specificity 97.50% 100% 97.96%
6 PCs, weight = 92.87%
accuracy = 98.85%

5 PCs, weight = 91.49%
accuracy = 100%

5 PCs, weight = 97.10%
accuracy = 99.04%

LOOCV LOOCV LOOCV
Predicted classes Predicted classes Predicted classes
129-NTS B6-NTS 129-NTS 129-H B6-NTS B6-H

Actual
classes

129-NTS 47 0 129-NTS 39 0 B6-NTS 55 0
B6-NTS 1 39 129-H 0 42 B6-H 1 48

Sample classes Sample classes Sample classes
129-NTS B6-NTS 129-NTS 129-H B6-NTS B6-H

Sensitivity 100% 100% 100%
Specificity 97.50% 100% 97.96%
6 PCs, weight = 93.06%
acc = 98.85%

5 PCs, weight = 91.07%
acc = 100%

9 PCs, weight = 97.10%
accuracy = 99.04%

Figure 4 Scatter plots of PCA (first
row) and LDA (second row). The
statiscally most separable two PCs
were plotted with each dataset, and
1-D scatter plots of LDs are ploted
for all datasets. (i), (iv) are 129-NTS
and B6-NTS; (ii), (v) are 129-NTS
and 129-H; (iii), (vi) are B6-NTS
and B6-H.
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eased. The results are shown Tables 3–4. Table 3
shows the summed confusion matrices of PCA-ML,
including the precision and sensitivity. With
LOOCV, the accuracy reached 98.32% with the first
6 PCs accounting for 90.97% cumulative weight.
There was minimal overlapping among the classes,
and no overlapping between 129-NTS and the
healthy ones. With LOMOCV, 13 PCs of 98.06%
weight only resulted in 92.44% accuracy, and the
sensitivity of discriminating B6-NTS deteriorated the
fastest when more samples were left out in the train-
ing step in LOMOCV than LOOCV. Table 4 shows
the confusion matrices of LDA-ML and the sum-
marized precision and sensitivity. The first two LDs
had ~100% cumulative weight. The accuracy was
93.49% with LOOCV and 86.83% with LOMOCV.
The separability between any two classes was not as
pronounced as in PCA-ML. The difference of indivi-
dual mice and the difference in meaurment condi-
tions could have brought in variations that might not
have been fully eliminated during the preprocessing

and normalization. Especially for LOMOCV, the
variations among individual mice were more influen-
tial to training a classifier during each round of cross
validation since it might increase the intra-class var-
iation while the inter-class difference is small.

Figure 5(a) shows the scatter plot of all data
points as the training dataset for PCA. The depicted
scatter plot using PC2 and PC3 is only for illustra-
tion purposes, though 6 or more PCs were used in
the classifications. The three classes showed overlap-
ping clusters with different centers. Figure 5(b)
shows the LDA scatter plot with LD1 and LD2. The
three clusters showed distinct clusters with no over-
lap. With LD1, the nephritis classes could be sepa-
rated from the healthy class. With LD2, the three
clusters could be separated from each other. How-
ever, when a testing datapoint falls into the intersec-
tion region of the three clusters, the probability of
assigning it to any class would be comparable to
each other, which increases the error rate. Figure 6
shows the PC loading spectra of PC1 through PC6

Table 3 Confusion and performance matrices of PCA-ML.

PCA-ML Predicted classes (LOOCV) Predicted classes (LOMOCV)

129-NTS B6-NTS 129-H/B6-H 129-NTS B6-NTS 129-H/B6-H

Actual classes 129-NTS 138 2 0 124 7 9
B6-NTS 3 140 2 3 126 16
129-H/B6-H 0 1 190 1 0 190

Sample classes Sample classes
129-NTS B6-NTS 129-H/B6-H 129-NTS B6-NTS 129-H/B6-H

Sensitivity 98.57% 96.55% 99.48% 88.57% 86.90% 99.48%
Precision 97.87% 97.90% 98.96% 96.88% 94.74% 88.37%
6 PCs (46.79%, 26.35%, 6.24%, 5.11%, 3.86%, 2.6%)
total weight = 90.97%
accuracy = 98.32%

13 PCs (61.19%, 14.86%, 6.50%, 3.94%,
2.95%, 2.40%, 1.74%, 1.49%, 0.99%, 0.71%,
0.56%, 0.40%, 0.35%)
total weight =98.06 %
accuracy =92.44 %

Table 4 Confusion and performance matrices of LDA-ML with 2 LDs.

LDA-ML Predicted classes (LOOCV) Predicted classes (LOMOCV)
129-NTS B6-NTS 129-H/B6-H 129-NTS B6-NTS 129-H/B6-H

Actual classes 129-NTS 138 1 1 132 7 1
B6-NTS 8 132 5 15 126 4
129-H/B6-H 3 13 175 19 18 164

Sample classes Sample classes
129-NTS B6-NTS 129-H/B6-H 129-NTS B6-NTS 129-H/B6-H

Sensitivity 98.57% 91.03% 91.62% 94.29% 86.90% 80.63%
Precision 92.62% 90.41% 96.69% 79.52% 83.44% 97.04%
2 LDs (56.79%, 43.21%)
total weight = 100%
accuracy = 93.49%

2 LDs (60.05%, 39.95%)
total weight = 100%
accuracy = 86.83%
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with more pronounced Raman bands indicated,
which are phenylalanine at 1000 cm–1, collagen at
1265 cm–1, CH2, CH3 at 1340 cm–1, lipid at 1442 cm–1

and Amide I at 1647 cm–1. The prominent peaks in
PC loadings indicate the weight of every wavenum-
ber in each principal component, which is consistent
with the previous observations of the averaged spec-
tra.

4. Discussion

Among the different groups studied, B6-NTS exhib-
ited the overall worst classification accuracy since
the severity of disease in this group is between 129-
NTS and healthy groups, and thus has the largest
overlap with both classes. Since B6-NTS and the
healthy groups have very similar GN scores, they ex-
hibit more overlap than that between 129-NTS and
B6-NTS, as observed in all datasets.

In the Raman spectra, the intensity variations of
major peaks contribute to the majority of the var-
iance, which is true for all classes. Since PCA line-
arly projects the original data to a new space to max-
imize data variance, it does not consider the separ-
ability of different classes. The largest eigenvectors
of the covariance matrix are used as the transforma-
tion matrix to project the raw data into a dimension-
reduced space. In this case, the contribution to the
variances originate primarily from the prominent
Raman bands, which caused overlapping, and the
distribution of peak intensity cannot be fully distin-
guish among classes. In contrast, LDA achieves a
linear projection of the original data to a new space
by taking into account both the intra-class and inter-
class distributions. In principle, it would reduce the
overlap caused by contributions from the same
peaks, and emphasize more on the peak difference
between classes.

However, LDA does not always outperform
PCA. Using the same number of components, the

accumulation of PC weight will be much slower and
smaller than LDA, and using 100% weight would
defeat the purpose of dimensionality reduction and
increase the computational cost. However, LDA can
only produce at most features for a class problem,
and there could be more information loss in the divi-
sion of inter-class and intra-class scatters in LDA
than diserting smaller PCs with PCA, especially
when the underlying distribution is not known in ad-
vance [56].

5. Conclusion

In this work, we have demonstrated the efficacy of
using Raman spectroscopy combined with multivari-
ate analysis as a diagnostic tool for discriminating
kidneys afflicted with acute nephritis from anti-

Figure 5 The scatter plots of PCA-
ML and LDA-ML. (a) PCA-ML
with PC2 and PC3; (b) LDA-ML
with LD1 and LD2.

Figure 6 PC loading spectra of PC1 to PC6. More pro-
nounced Raman bands such as phenylalanine at 1000 cm–1,
collagen at 1265 cm–1, CH2, CH3 at 1340 cm–1, lipid at
1442 cm–1 and Amide I at 1647 cm–1 are indicated.

J. Li et al.: Raman spectroscopy as a diagnostic tool for monitoring acute nephritis8
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GBM mosue models. Raman spectroscopy provides
molecular fingerprints that enables non-invasive or
minimal invasive and label-free detection for the
quantification of subtle molecular changes. It has the
potential to largely reduce the complexity in diag-
nosing and monitoring anti-GBM diseases. By
adapting multivariate analysis to Raman spectro-
scopy, we have successfully differentiated between
the diseased and the non-diseased with up to 100%
accuracy, and among the severely diseassed, the
mildly diseased and the healthy with up to 98% ac-
curacy. Since the current study was carried out using
isolated kidneys from mice with experimentally in-
duced nephritis, it remains to be shown if this ap-
proach is equally powerful in mice with spontaneous
nephritis, such as LN. Further optimization of the
performance will be carried out in the future by im-
plementing techniques that reduce or eliminate the
effect of tissue turbidity [57]. Ultimately, Raman
spectroscopy has the potential to provide non-inva-
sive or minimally-invasive diagnosis and monitoring
of pathological states.
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