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The correlation of forward second harmonic generation (SHG) signal and backward SHG signal in
different liver fibrosis stages was investigated. We found that three features, including the collagen
percentage for forward SHG, the collagen percentage for backward SHG, and the average intensity
ratio of two kinds of SHG signals, can quantitatively stage liver fibrosis in thioacetamide-induced
rat model. We demonstrated that the combination of all three features by using a support vector
machine classification algorithm can provide a more accurate prediction than each feature alone in

fibrosis diagnosis. © 2015 AIP Publishing LLC. [http://dx.doi.org/10.1063/1.4913907]

Liver fibrosis is the consequence of a sustained
wound-healing response to chronic hepatocellular damage
and it may result in cirrhosis, liver failure, and portal
hypertension.! Collagen accumulation is one of the most
significant phenomena and diagnostic characteristics in
liver fibrosis development.

Due to its noncentrosymmetric structure, collagen is
able to produce a second harmonic generation (SHG) signal,
which is intrinsic and requires no fluorophore presence in tis-
sue. Therefore, SHG microscopy has been used for collagen
quantification as an indicator of fibrosis progression,”® espe-
cially in liver.”™? However, most studies only focused on the
use of forward SHG signal to diagnosis liver fibrosis.

Recently, it has been recognized that forward and back-
ward SHG signals are generated simultaneously, and differ-
ent morphological features of collagen fibrils were extracted
in forward SHG and backward SHG images.'® For example,
researchers studied and confirmed that the ratio of forward
SHG to backward SHG signals arises from fibril size and
packing. This concept has been used to differentiate healthy
and diseased tissues in osteogenesis imperfect (OI),!' ovar-
ian cancer,'? and breast cancer.'> Therefore, the combination
of forward SHG and backward SHG signals may provide in
tandem complementary information about collagen and pro-
vide a useful means to improve liver fibrosis diagnosis.

The primary goal of this work is to investigate the feasi-
bility of using the combination of forward SHG and back-
ward SHG signals for improving liver fibrosis diagnosis in a
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well-established disease model.'* In this study, we not only
validated feasibility of differentiating between normal and
fibrotic liver tissues from forward SHG, backward SHG, and
their average intensity ratio but also quantitatively monitored
the evolution of collagen through the whole liver fibrosis pro-
gression by comparing with morphological staging performed
by pathologists, which is considered to be the existing gold
standard for liver fibrosis diagnosis.'>'® Furthermore, a sup-
port vector machine (SVM) algorithm was performed to effec-
tively improve the diagnostic accuracy at different fibrosis
stages based on the combination of all extracted features.

A total of 40 male Wistar rats at an average weight
of 220g were used to establish the liver fibrosis model.
Thioacetamide (TAA) was administrated into the rats
through intra-periotoneal injection (i.p.) with 200 mg/kg of
body weight with Phosphate Buffer Solution (PBS), three
times a week for 14 weeks. Rats were sacrificed at week 0
(control), 2, 4, 6, 8, 10, 12, and 14 after liver fibrosis induc-
tion (n =5 per week). After cardiac perfusion with 4% para-
formaldehyde to flush out blood cells and fix the tissue,
livers were extracted, paraffinized, and sectioned with a
thickness of 5 um and 50 um for staining and SHG imaging,
respectively. Tissue samples of 5 um were stained with a
Masson Trichrome (MT) stain kit (Chroma View advanced
testing, No. 87019, Richard-Allan Scientific, Thermo Fisher
Scientific, Wathan, Massachusetts) and classified into stage
0, 1, 2, 3, and 4 by a pathologist based on blind reading to
reduce any bias using Metavir score.'” Tissue samples of
50um from 5 rats in each scored stage were used for
SHG imaging. The nonlinear optical system was developed
based on a confocal imaging system (LSM 510, Carl Zeiss,
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Heidelberg, Germany) as described in our previous
work.'®!? The excitation light comes from a femtosecond
mode-lock Ti:saphire laser (Mai-Tai broadband, Spectra-
Physics) tuned to 900 nm, passing through a pulse compres-
sor (Femtocontrol, APE GmbH, Berlin, Germany) and an
acousto-optic modulator (AOM) for group velocity disper-
sion compensation and power attenuation, respectively.
An oil immersion objective of numerical aperture of 1.3
(Calr Zeiss: EC Plan-Neofluar, 40x) was used for micro-
scopic imaging. The beam focuses on specimen after being
reflected by a dichroic mirror (KP 650) that deflects laser
light longer than 650 nm and allows transmission of light
shorter than 650 nm. Forward SHG was collected by a con-
denser (NA =0.55) and filtered by a 450 = 10 nm bandpass
filter before entering photomultiplier tube (PMT). Backward
SHG signal simultaneously generated in tissue was collected
by the same objective lens and recorded by a spectral detec-
tor that includes 32-spectral channels and allows spectral
detection between 430 and 750nm. Emission beam at
450 = 10nm was recorded. Settings for both channels were
kept the same for all images through the whole experiment.
In each scored stage, 20 images per sample were acquired
and each one has 225 x 225 um? field of view with 1024
x 1024 pixels. A fine focusing stage (HRZ 200 stage, Carl
Zeiss) was used to change and record the focus position and
to translate the samples after x-y scan of the samples. The
depth of 0 um refers to the tissue surface where the signal of
reflection from the interface between the tissue and the glass
coverslip reaches to maximum.

Morphology of collagen fibers at different pathological
fibrosis stages were visualized by the nonlinear optical
system from both forward and backward aspects of SHG sig-
nals. The previous studies have demonstrated that the inten-
sity ratio of the forward and backward signals increases with
increasing depth.''" Therefore, considering the variation
with depth, the same focal plane at the depth of 2 yum was an-
alyzed for each sample. Fig. 1 shows selected images that
reflect typical characteristics of collagen accumulation in the
tissue with the development of liver fibrosis. Both forward
and backward SHG signals are able to present fine collagen
fibers in high resolution. In early stages (control and stage 1),
collagen mainly locates around portal tracts and central veins
as thin circles. More and more collagen is generated at both
around vessel area and tissue in later stages. Collagen around
vessels gets thicker and extends until it links with collagen
from other vessels, forming broad septa between portal areas
and between portal areas and central veins. This phenomenon
is a key criterion for late stage fibrosis assessment in various
score systems.”' > Therefore, it is obvious that clear changes
of collagen deposition during fibrotic progression can be
recorded by both forward SHG and backward SHG images
from nonlinear optical approach without any staining.

Quantification is required for diagnostic purpose, espe-
cially for fibrosis staging. To accurately extract collagen in-
formation from SHG images, Gaussian mixture model based
segmentation method is utilized. This method was shown to
be more accurate than other methods such as global thresh-
olding and clustering methods.”® After segmentation, final
masks were created on both raw forward SHG and backward
SHG images to present collagen content in the tissue
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FIG. 1. Forward SHG and backward SHG signals from collagen at different
liver fibrosis stages. Both forward SHG signals (first column, false color as
red) and backward SHG signals (second column, false color as green) show
significantly increment of collagen deposition with the development of fibro-
sis from control (first row) to late stages (rows 2—5 correspond to stages 14,
respectively). Merged images (third column) indicate the perfect overlay of
forward and backward SHG signals. Scale bar is 50 um.

samples. The segmentation results of forward SHG, back-
ward SHG, and the overlap area are shown in Fig. 2(A).
From the segmentation images, collagen area percentage can
be calculated through dividing the number of pixels that
belongs to collagen by total area of an image. Fig. 2(B) indi-
cates that total collagen area percentage increases signifi-
cantly with the natural progression of liver fibrosis and
evidently reflects different stages based on histo-pathological
results. The quantitative result shows capability of both for-
ward SHG and backward SHG of collagen for liver fibrosis
staging and this is in good agreement with the previous
experiments.

Nevertheless, collagen fibrils in forward and backward
SHG images are not completely colocalized even though
their final collagen area percentages are at highly similar lev-
els for all stages. The difference is due to the coherent nature
of SHG that it has a phase (and spatial) relationship with the
laser excitation. This characteristic underlies the observed
contrast in the forward and backward modes and provides a
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FIG. 2. Quantification of liver fibrosis progression from areas of collagen
detected by nonlinear microscopy. (A) Segmentation results of both forward
SHG (b) and backward SHG (c) images using Gaussian mix model based
algorithm are able to preserve collagen distribution and morphology. Even
though the signals from two channels are highly colocalized (a), a certain
area is not exactly overlapped (d). Scale bar is 50 um. (B) Collagen area per-
centage quantified from forward SHG and backward SHG images, respec-
tively, and they are significantly increased with the fibrosis progression.
Comparison between two adjacent stages is performed with student’s t-test.
Significant differences (*p <0.05, **p < 0.01) exist between stage 1 vs.
stage 2 and stage 3 vs. stage 4. There are no significant differences between
normal vs. stage 1 and stage 2 vs. stage 3 (p > 0.05). Error bars represent
standard deviation (SD).

great more information about the structure of the collagen
fibrils. Combining these two kinds of signals would possibly
reveal the evolution of fibrillar collagen during fibrosis pro-
gression and further contribute to liver fibrosis diagnosis.
Thus, the signal intensity ratios of forward SHG to backward
SHG at different stages were studied as well. All images
were grey scaled and saturated pixels were removed (Fig.
3(A)). Average intensities of all the rest of the pixels within
collagen masks were calculated. Fig. 3(B) shows the ratio of
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FIG. 3. Quantification of average intensity ratio of forward SHG to
backward SHG signals. (A) Gray scaled forward SHG image (b) and back-
ward SHG image (c) from original image (a). Scale bar is 50 um. (B)
Quantitative results from gray scaled images on average intensity ratio of
forward SHG to backward SHG signals at different fibrosis stages. Error
bars represent SD.

average intensity of forward SHG to backward SHG
acquired in same location. It illustrates that the intensity ratio
decreases with the development of fibrotic status. The decre-
ment can be adequately explained that a greater portion of
collagen in late stages form septa which results in more
backward light scattering, while less forward light is col-
lected accordingly. Unlike the general results in the litera-
ture, the forward SHG signal is smaller than backward SHG
signal. Three main factors, we believe, contribute to this
result. First, as the chosen focal plane is close to the surface
of tissue (2 um), there will be a higher probability of multiple
scatterings along the direction of forward SHG instead of the
direction of backward SHG. Therefore, the ratio of forward
SHG to backward SHG will be less than 1 and subsequently
increases if we focus deeper into the specimen.''** Second,
the objective lens for backward SHG detection and the con-
denser for forward SHG detection have different NA. The
collection angle of forward channel is smaller than that of
backward channel. Third, the signal attenuations of forward
and backward SHG are different due to different optical
paths.

Although the above three quantitative assessments (forward
SHG collagen area percentage, backward SHG collagen area
percentage, average intensity ratio of forward SHG to back-
ward SHG) are able to identify different fibrosis stages base
on histo-pathological scores, they describe the event from
different aspects and are limited to be an reliable index for
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FIG. 4. Comparison of fibrosis staging
differentiation ability by ROC curves
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liver fibrosis diagnosis alone. It is expected that the combina-
tion of all these features would provide more complementary
information and improve the accuracy of the diagnosis.
Therefore, a SVM classification method was chosen due to
its advantage of classifying data measured from multiple sig-
nal sources (multivariate data) with relatively small sample
sizes.”” SVMs are supervised learning models in machine
learning to analyze data with the purpose of separating them
into different groups with a clear and widest gap. In this pro-
cess, all data are set as points distributed in space. Even
though SVMs are good at performing both linear and non-
linear classifications, they are especially competent in non-
linear ones which are suitable for multiple inputs. In this
case, we used a pre-computed nonlinear SVM algorithm that
is a radial basis function Kernel in LIBSVM (V3.17)%® to
classify the samples based on all the above three quantitative
features. 10-fold cross-validation was utilized so that all sam-
ples were used for both training and validation to enhance the
prediction accuracy. Receiver operating characteristic (ROC)
curves of collagen percentage in forward SHG (blue), in back-
ward SHG (green), intensity ratio of forward SHG to back-
ward SHG (brown), and SVM classification results (red) were
drawn according to different fibrosis stages (Fig. 4). It is clear
that SVM results show a better prediction on fibrosis staging,
especially in late stages. It means the combination of three
features by SVM classification algorithm significantly
improved fibrosis diagnosis compared to quantification of

T T
0.6 0.8 1.0

1 - Specificity

each feature alone. Specifically, the area under ROC curve
(AUC) values of SVM results are 0.762, 0.842, 0.857, and
0.851 for distinguishing each adjacent stage, respectively.

In summary, the present paper validated the feasibility
of a useful quantitative method by combining forward SHG
and backward SHG signals from collagen for liver fibrosis
staging. This method integrated three quantitative assess-
ments, including the collagen content percentage of forward
SHG, the collagen content percentage of backward SHG,
and the average intensity ratio of forward SHG to backward
SHG signals. The combined results showed a more signifi-
cant classification capability that would enhance accuracy of
liver fibrosis diagnosis in each stage. Since the three features
are acquired in one-time scanning, further imaging and more
processing procedures are not required. So, this method ren-
ders a promising tool for diagnosis of liver fibrosis develop-
ment in different stages more accurately.
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