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Abstract

Prostate carcinoma, a slow-growing and often indolent tumour, is the second most
commonly diagnosed cancer among men worldwide. The prognosis is mainly based
on the Gleason system through prostate biopsy analysis. However, new treatment and
monitoring strategies depend on a more precise diagnosis. Here we present results
by multiphoton imaging for prostate tumour samples from 120 patients that allow to
obtain quantitative parameters leading to specific tumour aggressiveness signatures.
An automated image analysis was developed to recognise and quantify stromal fibre
and neoplastic cell regions in each image. The set of metrics was able to distinguish
between non-neoplastic tissue and carcinoma areas by linear discriminant analysis
and random forest with an accuracy of 89±3%, but between Gleason groups of only
46 ± 6%. The reactive stroma analysis improved the accuracy to 65 ± 5%, clearly
demonstrating that stromal parameters should be considered as additional criteria for
a more accurate diagnosis.
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1 INTRODUCTION

Cancer diagnosis is performed by a trained pathologist using
conventional microscopy to visualize the histological patterns
on biopsy samples. Nonlinear imaging techniques have already
been demonstrated as new diagnostic tools that may help
improve diagnostic precision and prognosis. A major appli-
cation is on qualitative and quantitative measurements of the
collagen organization in cancer biopsies [1]. The activation of
the host stroma microenvironment facing an aggression, as it
happens in tissue damage repair, is being observed in many
tumours like breast, prostate and colonic cancer. The collagen
structure and organization is altered and is thought to be critical
in tumour growth and progression [2,3]. Second harmonic gen-
eration (SHG) and two-photon excitation fluorescence (2PEF)

microscopy allow to study the morphology of the extracellu-
lar matrix and to quantify the collagen parameters, including
details of these tissue architecture changes, that seems to be
associated with stages of tumour development and patient
clinical outcome in a large variety of cancers [4–32].
In prostate cancer (PCa) the first nonlinear imaging results,

for a limited amount of samples, showed changes in the
collagen organization that correlates with the tumour malig-
nancy [33,34]. The PCa grading is based on the Gleason system
provided through prostate biopsy analysis on hematoxylin and
eosin (HE) stained tissue [35]. The Gleason system attributes
values ranging from 1 (most differentiated) to 5 (least differen-
tiated) to the various architectural patterns found in PCa. The
primary (i.e. the most prevalent) and secondary grade patterns
are added together to give a Gleason score, expressed as a sum.
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Since 2005, the Gleason score for prostate core needle biop-
sies is obtained by adding the primary pattern to the highest
remaining one. A new graduation system proposed at the Inter-
national Society of Urological Pathology Conference (ISUP)
was established in 2014, referred to as ISUP grade or simply
WHO (World Health Organization) grade. This is based in a 5
prognostic groups that correspond to theGleason scores: group
1 (3 + 3), group 2 (3 + 4), group 3 (4 + 3), group 4 (sum of
scores = 8) and group 5 (sum of scores ≥ 9). The first reports
showed that there is an increase on the collagen alignment
with the increase of the Gleason grade [33,34]. In addition, recent
results [36] for 64 patients showed that the collagenmorphology
characteristics are associated with biochemical recurrence.
In this work, we present multiphoton imaging by SHG and

2PEF for prostate biopsies from 120 patients. We analysed
about 350 biopsy regions on histological slides covering four
groups within the Gleason system (table 1 ). Multiphoton
microscopy has the advantage of allowing the imaging of the
tissue with no need for the cutting and staining procedures.
Nonetheless, in this study, we used the slides that had already
been stained on HE when first analyzed as part of a diagnos-
tic routine. In this case, it made it possible to get images in
the same areas that the pathologist considered for diagnosis
in order to compare the analyses with the Gleason system. In
addition, we propose a classification based on the intensity
of the reactive stroma (RS) that can be obtained by the mul-
tiphoton imaging. The SHG images show signals with high
specificity for collagen, that allow quantitative stroma scoring,
which is not possible in white light HE analysis.
We developed an automated image analysis software capa-

ble of recognizing the collagen fibres and cellular regions in
the images to measure the parameters at these specific regions.
In a previous work on canine mammary cancer [37], we showed
that these image analysis procedures could extract a range of
important features that allowed a good discrimination between
the specific histological carcinoma. The imaging techniques
and image analysis software allowed to grasp the important
features to evaluate cell distribution and the collagen fibre net-
work. Here, we demonstrate that by including the RS intensity
the PCa groups within the Gleason scores can be better dis-
tinguished to provide a more accurate diagnosis. The image
classification can be significantly improved by using data anal-
ysis methods such as machine learning. The extracted image
features were used in linear discriminant analysis (LDA) and
random forest analysis that allowed an excellent accuracy in
discrimination between non-neoplastic tissue and carcinoma
areas and also to track the tumour progression.

2 EXPERIMENTAL DETAILS

2.1 Samples
For this work, we selected 120 prostate biopsies from the diag-
nostic routine at a private pathology laboratory (Laboratório
Analys Patologia) in Belo Horizonte, Minas Gerais State, from
2017 to 2019. The samples were fixed in buffered formalin and
processed according to the conventional histology technique
until inclusion in paraffin blocks. That was followed by a 3 to
5 �m thick cut and staining in HE. We selected the slide that
concomitantly contained the largest tumour representation and
the highest histological grade among the six core biopsies nor-
mally collected from each patient. Four groups were formed
with the 120 slides selected according with ISUP histological
grade: group 1 (3 + 3), group 2 (3 + 4), group 3 (4 + 3) and
group 4 (sum of scores ≥ 8). Inclusion criteria for the study
were: absence of any previous treatment for PCa and neopla-
sia representativeness in the core biopsy, in order to guarantee
its presence in consecutive deep cuts. The biopsies were ana-
lyzed independently by two pathologists with experience in
uropathology. In diverging situations, the consensus diagnosis
was used. The slides were then scanned and two or more rep-
resentative tumour region’s were imaged. Comparative normal
prostate parenchyma regions were also selected, resulting in a
total of 351 analyzed regions. Table 1 shows the number of
analyzed areas in each group.
The presence and intensity of reactive stroma (RS) were also

evaluated (see table 1 ) according to a modified classification
system based on a previous published one proposed byAyala et
al. [3], that reflects mainly the proportion of collagen fibre depo-
sition: RS1: Absent or up to 5% collagen fibres in the RS; RS2:
Significant to moderate RS (6% to 49% collagen rich stroma
compared to the amount of neoplastic cells); RS3: Intense col-
lagen deposition (stromogenic tumours), in which RS accounts
for at least the same proportion of neoplastic cells.
The study was approved by the UFMG ethics committee,

document CAAE 09288112.0.0000.5149 in 2017. All meth-
ods were performed in accordance to the relevant guidelines
and regulations and the written consent for the reported exper-
iments was obtained from all participants before their biopsy
procedures.
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TABLE 1 Number of analysed areas in each Gleason score
and reactive stroma groups. The non-neoplastic regions are
labeled as Normal, and the sum of scores ≥ 8 as 4 + 4+.

Normal 3 + 3 3 + 4 4 + 3 4 + 4+ Total
40 67 73 79 92 351

11.4% 19.1% 20.8% 22.5% 26.2%
RS1 RS2 RS3 Total
93 190 26 309

30.1% 61.5% 8.4%

2.2 Multiphoton imaging
The experimental setup is a scanningmicroscopy system based
on fluorescence by two photon excitation and second har-
monic generation using femtosecond laser pulses on a home-
modified confocal microscope. The details of the setup has
been described in our previous works [34,37]. In brief, we used
140 fs pulses centred at the wavelength of 800 nm, with aver-
age power of about 7 mW at the sample position (fluence of
7 × 10−4 J/cm2). The beam is focused on the sample micro-
scope slab by a 20× objective with a high numerical aperture
(NA = 0.9) and the images are obtained in back scattering
geometry. The SHG is measured at 400 nm using a filter with
bandwidth of 20 nm by directing the signal to a non-descanned
detector placed just above the objective. The fluorescence sig-
nal from the eosin dye staining the tissue is measured by the
standard descanned detector of the confocal unit at the wave-
length band of 560 to 600 nm. The transmitted laser image is
also collected by the condenser of the microscope. We mea-
sured images at the optimized focus position and at ±1 �m
from this position to allow for noise filtering by the software.
The images were acquired for areas of 0.47×0.47 mm2.

3 IMAGE ANALYSIS PROCEDURES

Histological diagnosis is based on cell types and architectural
patterns. Recently, attention is also being given to reactive
stroma collagen fibres organization [2]. Guided by the pathol-
ogists descriptions of these features we developed an image
analysis to try to obtain their quantitative measurements. We
have developed a software package (PyFibre, available on
GitHub [38]) capable of recognizing collagen fibres an cellu-
lar regions individually, which is necessary for quantitative
measurements. It is important to get these segmentation to
obtain the quantitative measurements of described features in
each specific areas. The software allows to automate the image
analysis and to efficiently obtain results for a large amount of
images.

PyFibre automatically reads the images, that are identified
by a tag in their file names as SHG and 2PEF. The images
are filtered to reduce white and shot noise and then we com-
pose an image that includes the measured SHG, 2PEF and the
transmission images. After that, the analysis is performed in
order to identify the fibres and the cellular regions. The details
of the procedures for separating the fibres are described in the
sections 3.1 and 3.2. Then the images are segmented in fibre
and cellular areas as described in sections 3.3 and 3.4.
The quantitative properties of cellular and fibre regions are

all saved in a metrics database file to be used for further anal-
ysis. The measured parameters are calculated after the image
segmentation providing a dataset of 29 metrics. The details
of these extracted metrics are described in table 2 . They are
grouped into those calculated for the entire image, and those
calculated for each segment, fibre and network that are identi-
fied by the analysis. For the segment metrics, a single metric
value for the global image representing the average metric per
segment type are also calculated. For example, the “SHG Fibre
Intensity Mean" represents the average SHG signal intensity
of all pixels within fibre segments.

3.1 Fibre Network Extraction
Fibril networks may be considered graphs, with the fibres
themselves as edges between n nodes at the regions they inter-
connect. A graph can be described by an adjoint matrix, an
n × n matrix that records whether an edge is present between
each node in a system. The degree of each node determines the
number of edges it possesses.
In the literature, the FIRE (FIbeR Extraction) algorithm is

designed to trace out a network on top of an image contain-
ing fibrous textures [39]. Here, we implement amodified version
aiming to enhance the resolution in extracting the fibre details.
Themajor change as compared to the FIRE algorithm is the use
of a Sato filter [40] for the pre-processing, including a thresh-
old for the edge length, r0, and allowing to have edges between
nodes.
Typically a filter can be applied to the input image prior to

applying the FIRE algorithm in order to enhance any tubular-
like regions. We apply a simple Sato or “tubeness filter” [40],
based on the Hessian eigenvalues of each pixel, which has been
shown [41] to have similar performance to the much more com-
plex Curvelet transform (CT) method. A number of nucleation
points is generated at each local maximum on our smoothed
distance matrix that lies above a threshold value (typically 2
pixels). A set of parent nodes are then assigned to the pixel
coordinates of these nucleation points. Propagation of sub-
sequent child nodes is then performed by identifying further
local maxima within a given search region of each parent node,
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TABLE 2 Extracted metrics and their descriptions.

Name Description Group
No. Segments Number of segments in image. Global
No. Fibres Number of fibres extracted in image. Global
Area Area of segments in pix2. Segment
Coverage Ratio of pixel area covered by segments to total area of

image.
Segment

Intensity Mean Mean intensity of all image pixels in segments. Segment
Intensity STD Pixel intensity standard deviation of all pixels in seg-

ments.
Segment

Intensity Entropy Pixel intensities average Shannon entropy of all pixels in
segments.

Segment

Angle SDI Ratio of the mean to max values in the pixel angle
distribution.

Segment

Coherence Coherence of structure tensor constructed from all pixels
in the segment.

Segment

Local Coherence Average coherence of structure tensors for each pixel in
the segment.

Segment

Circularity The circumference of a circle with area equals to the
segment area divided by the perimeter of the segment

Segment

Eccentricity The focal distance of an ellipsoid with the same second-
moments as the segment divided by its major axis length

Segment

Fibre Length Mean length of the extracted fibres. Fibre
Fibre Waviness Mean waviness (length over displacement) of the

extracted fibre.
Fibre

Fibre Network Degree Average number of edges in each node of the reduced
FIRE network.

Network

Fibre Network Eigenvalue Reduced network adjacency matrix maximum eigen-
value.

Network

Fibre Network Connectivity Connectivity of the reduced network Network
Fibre Network Cross-Link Density Average number of cross links (intersection of edges) per

extracted fibre in the network
Network

termed Local Maximum Points (LMPs). If an LMP is a suc-
cessful candidate then a new child node will be created at its
location, with an edge assigned to the parent node. The impor-
tance of using an edge length threshold r0 is to allow us to both
move the LMPs after their original assignment and also control
the resolution at which each fibre can be traced without alter-
ing the size of the local LMP search. Finally, allowing edges
to be created between any node, rather than just nodes on the
same branch, aims to capture cross links within the network
structure itself, rather than needing to infer them by identify-
ing intersecting edges. Some cleaning is applied after all child
nodes have been propagated in order to remove any artefact
from the FIRE algorithm. In general, these aim to remove any
redundant or unconnected nodes, as well as small (approx. 4
nodes) networks that are likely to correspond to noise.

3.2 Fibre Assignment
In order to calculate the fibre properties we need to be able
to obtain the individual fibres in the network. This is a non-
trivial task, since it essentially involves deciding on which of
the many possible paths in the network should be assigned as
fibres. Therefore, for continuity, we attempt to apply a similar
procedure as in FIRE algorithm [39] when deciding upon the
most appropriate fibres.
We start by identifying an “external” parent node that only

contains 1 edge as thesemust be the beginning or the end of any
fibre. The single node in common to the parent is automatically
added to the fibre and is assigned as their primary child node.
The algorithm then traces back along any nodes connected to
the active child node and rebuilds each fibre based on the LMP



Gomes ET AL 5

criteria of the original FIRE algorithm that extracted the net-
work (i.e. minimize edge lengths and inter-node angles). If it is
not possible to locate a connecting node that lies within a given
angle or distance from the propagating node, then this will be
considered the end of the current fibre and the algorithm will
restart on any remaining parent nodes that have not already
been assigned to a fibre.
The process is illustrated in figure 1 . Note that as a con-

sequence child nodes may be assigned to multiple fibres, but
parent nodes may only be assigned to a single fibre.

FIGURE 1 Diagram of the fibre assignment algorithm. 1:
Identify of fibre by selecting an “external” parent node with
only 1 edge. 2: Add primary child node with edge in common
to parent. 3: Add further child nodes that meet original FIRE
algorithm LMP criteria. If multiple nodes are possible, choose
most optimal (i.e. shortest edge length, smallest inter-nodal
angle). 4: Terminate fibre if child node is either “external” or
no connected nodes meet FIRE algorithm LMP criteria.

3.3 Colour Segmentation
The colour segmentation is based on a common method of
segmentation for microscope-stained HE images included in
software packages such as CurveAlign [42] that uses clustering
of RGB values in a each color pixel vector. This can be consid-
ered a reliable technique since gram-straining yields cellular
regions of a standard pigment.

Here we obtained a composite RGB image from the multi-
photon signals in order to make use of such colour segmen-
tation techniques. The greyscale intensity values from SHG,
2PEF and transmission data taken at a fixed biopsy region are
transformed into an RGB image with relatively standardized
pigments. In thismethod, the SHG image is important to obtain
a better image segmentation, as it shows only signal for the
collagen fibres.
Once the collagen fibre networks are extracted from the

SHG image, a binary mask is created to represent the ini-
tial identification of fibre segments, based on the location of
each collagen network. These segments are then used to weight
regions within the SHG channel of the composite RGB image,
so as to enhance their contribution in each pixel vector.
In order to enhance the clustering of colours and yield

smooth segments we apply some smoothing techniques on
the raw composite image that mimic those carried out by the
CurveAlign software BDcreationHE algorithm. Segmentation
is then performed by clustering of each pixel’s RGB compo-
nents, independent of its location. For computational efficiency
we use the MiniBatchKMeans function as implemented in
scikit-learn, which has been shown to achieve very similar per-
formance to its full KMeans implementation [43]. It must be
noted that KMeans is a stochastic algorithm, and therefore is
not guaranteed to return the optimum solution at every run.

3.4 Fibrous and Cellular Region Assignment
In order to deal with the stochastic nature of the KMeans
algorithm we parameterized a function in color space
v(r, g, b, i) (representing the unit vector red, green and blue
components and overall magnitude intensity) that represents
the boundary between “fibrous” and “cellular” regions. Each
cell cluster is then ranked according to the L1 distance of
all centroids from v(r, g, b, i), resulting a cost function that is
inversely proportional to the average proximity of each cen-
troid to the boundary. The KMeans run that creates the lowest
average cost over a number of runs is then chosen as the
optimal solution for our segmentation filter.
After each cluster has been assigned either a “fibrous” or

“cellular” label, a number of extra checks are performed to
review whether the segmentation process has yielded regions
that would be expected from a biological perspective. In partic-
ular, segments below a threshold pixel area or mean intensity
value are removed. This aims tominimize the impact of numer-
ical artefacts that may have been introduced into our analysis
pipeline.
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3.5 Linear discriminant analysis
The metrics obtained by the image analysis are used to try to
distinguish between the diagnoses based on the LDA method-
ology. The LDA is a technique used to reduce the dimensional-
ity of a large set of data by a projection of data into a new space
in order to get a good data separability [44,45]. It is a supervised
clustering method that considers the class labels (that is given
by the diagnostic labels) to search for the axes that present the
maximum data separation.
The 29 metrics extracted from the software form a 29-

dimensional input space and we used the linear functions of
the input vector as the decision surfaces. We first rescaled the
measured features to show a Gaussian distribution between -1
and 1. After that, the LDA is performed on the dataset sepa-
rating a training set and a test set. For that the whole dataset
is split into 6 sets, 5 of them as training and 1 as test, consid-
ering a proportional representation of each cancer type by a
stratified K-fold cross validation (CV) method. And this pro-
cedure is repeated 8 times to get an average accuracy value.
Also to obtain themost relevant metrics in our LDA get models
we applied a recursive feature elimination and cross-validation
(RFECV). However as the optimal score is achieved only when
considering more than 18 features, we present the LDA results
always for the full dataset. The analyses were performed using
the standard LDA library in Python.

3.6 Random Forest analysis
As an alternative to LDA, we trained a random forest algorithm
to identify samples with the presence of tumours, as well as to
identify the tumour type. Random forest is a combined clas-
sifier that consists in an ensemble of decision trees where the
output is the mode of the predicted classes [46]. It was chosen
because it is particularly resistant to over fitting when dealing
with a small dataset, such as is the case.
Before running random forest, we performed an exploratory

data analysis to filter any correlated features from the 29 met-
rics extracted by the PyFibre. A correlation heat map was
plotted, and we removed any features where r ≥ 0.98. Each
feature was scaled using a quantile-based transformation. For
each feature, the original values aremapped to a uniform distri-
bution via an estimate of its cumulative distribution function,
then the obtained values are mapped to a Gaussian distribution
using the quantile function. This process reduces the impact
of any outliers. As in LDA, we applied a stratified K-fold
cross-validation, splitting the cohort six times.

4 RESULTS AND DISCUSSION

Figure 2 shows examples of the multiphoton images obtained
from a biopsy sample. The measured area from a Gleason 3+3
tumour is indicated in the HE bright field image in (a) showing
the acinar component randomly arranged between the stroma.
The intensity map images of the 2PEF, in red, and SHG, in
green, are presented in (b) and (c), respectively. The multi-
photon images highlight the details of the acinar and stromal
tumour components, the SHG image shows the collagen fibres
and the 2PEF shows the emission of the eosin dye used to stain
the tissue.
The automated image analysis allows to segment the images

into the cellular (d) and collagen fibre content (e). Each con-
nected segment is shown in a random colour. The extracted
collagen fibre network, in red, and the extracted single fibres,
in random colours, are shown in (f) and (g), respectively. A
colour map of the collagen fibre alignment angles is shown in
(h). The measurements of the degree of alignment of the col-
lagen fibres and their arrangement patterns are based on the
structure tensor analysis [29,47–52]. According to the proposed
reactive stroma classification system, the biopsy region shown
in (a) was classified as RS2, showing over 5% collagen fibres
(light pink strands) in the background.
After segmenting the images to obtain the specific fibre and

cellular regions, the measured parameters are obtained specif-
ically for the pixels within each segment. The obtained values
for the 29metrics from all images are used for a comprehensive
LDA and random forest analyses as presented in the following
sections.
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FIGURE 2 Acquired images: (a) HE bright field microscopy image, (b) 2PEF and (c) SHG. Images extracted by the software:
(d) cellular segments and (e) fibre segments, each connected segment is shown in a random colour, and the cell and fibre
segments are on top of the grey scale 2PEF and SHG intensity maps, respectively. (f) the collagen fibre network in red, and (g)
the individual extracted fibres (each fibre is in a random colour), on top of the grey scale SHG intensity map. (h) the collagen
fibre orientation angles (colour map scale on the left). The scale bar of 50 �m applies to all the extracted images and the HE
image.

4.1 LDA results
The LDA results considering the 29 extracted metrics are pre-
sented in Figure 3 (a) for all the Gleason diagnosis groups
studied. The full symbols show the training dataset and the
crosses show the test dataset for each classification class, with
the colours as indicated by the colour bar. There are 57 images
in the test dataset. It can be seen that there is a clear sep-
aration between the non-neoplastic tissue and the carcinoma
samples. The model prediction for the separation of the non-
neoplastic tissue and all the carcinoma samples presents an
accuracy of 89 ± 3%. However the average accuracy discrimi-
nation between all the Gleason score groups in Figure 3 (a) is
only of 46±6%. Figure 3 (b) shows the cross validation score
accuracy as the number of features included in the LDA. The
maximum is achieved for a number of features of around 18,
but as the curve is almost constant after that we kept all the
features in the LDA graphics in (a).
The tables 3 and 4 present the multi-class classification

results for each Gleason score diagnosis. The confusion matrix
(tables 3 ) shows the predicted classes for the images in the test
dataset (57 images). The obtained precision, sensitivity and
specificity are quite good for the normal and indolent tumours

(3+3) and also for the most aggressive ones (4+4+). Nonethe-
less the sensitivity for the 3 + 4 and 4 + 3 Gleason score
classifications is quite poor. Those are indeed the most diffi-
cult ones to be diagnosed by the pathologists. A comparison
for these classification showed a level of agreement of only
21.4% among 28 expert pathologists in a controlled compar-
ative study [53,54]. Thus the achieved LDA separation is also
comparable to the pathologists agreement.
The LDA results considering the groups provided by the

stroma analysis are presented in Figure 4 . The intensity of
RS, as described in the samples section 2.1, provides a much
better discrimination. The collagen morphological changes are
important for the cells migration and proliferation and may be
a good cancer marker. The LDA results considering all the
29 obtained metrics are presented in Figure 4 for the three
groups labeled as RS1, RS2 and RS3. The test dataset includes
50 images. The average accuracy discrimination between the
three patterns is 65± 5%, that is a considerably better result as
compared with the Gleason score classification.
The tables 5 and 6 present the multi-class classifica-

tion results for the RS groups. The precision, sensitivity and
specificity are quite good for all the RS patterns.
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FIGURE 3 (a) LDA plots for the the cancer biopsies sepa-
rated according to the Gleason score. The full symbols show
the training dataset and the crosses show the test dataset for
each type with the colours as indicated by the colour bar.
The mean of each case group is marked by a yellow star and
one standard deviation of the training dataset is shown by the
ellipses. (b) Cross validation score as the number of features
extracted from the image analysis.

We have also considered the observed stroma patterns to try
to further separate the Gleason score groups. For the Gleason
scores 3 + 4 and 4 + 3 the measured images in each Glea-
son score classification were divided into the reactive stroma
RS1, RS2. For the 3 + 4 the measured regions are mainly RS2
(58 images), whereas RS1 was seen in only 14 images. The
4 + 3 group had 34 and 32 RS1 and RS2, respectively. The
RS3 are mainly present in the high grade tumour group group
4 + 4+. Figure 5 shows the results for these divided groups.
Note that they can can be seen as four distinct groups. Nonethe-
less the number of samples, especially for the 3 + 4 RS1
(14 images) is too small to perform the statistical calcula-
tions. However, these preliminary tests points to an average

TABLE 3 Confusion matrix: Gleason score classification.

Predicted Class

Tr
ue

Cl
as
s Normal 3 + 3 3 + 4 4 + 3 4 + 4+

Normal 5 0 0 0 1
3 + 3 0 10 1 0 0
3 + 4 0 4 2 3 3
4 + 3 0 1 0 4 8
4 + 4+ 1 1 0 1 12

TABLE 4 Statistical Analysis: Gleason score classification.

Normal 3 + 3 3 + 4 4 + 3 4 + 4+
Precision 0.83 0.63 0.67 0.50 0.50
Sensitivity 0.83 0.91 0.17 0.31 0.80
Specificity 0.96 0.87 0.98 0.91 0.71

cross validation accuracy of 50 ± 10%. The average precision,
sensitivity and specificity for all the groups are about 70%.
These results indicate that a composed classification system
that includes information about the intensity of the RS to the
acini morphology based Gleason system could lead to a more
precise diagnosis and prognosis approaches. It is known that
the stromogenic tumours have a more aggressive behaviour.

FIGURE 4 LDA plots for the the cancer biopsies separated
by the stromal reaction patterns. The full symbols show the
training dataset and the crosses show the test dataset for each
type with the colours as indicated by the colour bar. The mean
of each case group is marked by a yellow star and one standard
deviation of the training dataset is shown by the ellipses.
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TABLE 5 Confusion matrix: RS classification.

Predicted Class

Tr
ue

Cl
as
s

RS1 RS2 RS3
RS1 5 9 1
RS2 7 21 3
RS3 0 0 4

TABLE 6 Statistical Analysis: RS classification.

RS1 RS2 RS3
Precision 0.42 0.70 0.50
Sensitivity 0.33 0.68 1.00
Specificity 0.80 0.53 0.91

Nonetheless, further clinical data studies would be necessary
to better understand and strengthen these findings.

FIGURE 5 LDA plot for the stromal reaction within the 3+4
and 4 + 3 Gleason scores. The full symbols show the train-
ing dataset and the crosses show the test dataset for each type
with the colours as indicated by the colour bar. The mean of
each case group is marked by a yellow star and one standard
deviation of the training dataset is shown by the ellipses.

4.2 Random forest results
In order to further test the extracted parameters, we have also
performed the random forest analysis considering the same
datasets as in the LDA analysis. First, we analyzed the classi-
fied histological cancer types according to the Gleason system.
We obtained discrimination between non-neoplastic and carci-
noma samples with an accuracy of 91±3%, and discrimination
between the four carcinoma groups of 36 ± 6%. In addition,
for the intensity of the reactive stroma classification the over-
all discrimination accuracy is 62±6%. Upon general analysis,
the random forest results are very similar to the LDA perfor-
mance but under performs slightly, probably since it is a more
complex model for a small dataset. The obtained confusion
matrix and the statistical analyses provide very similar results
as in the LDA ones, thus are not repeated here. The results rein-
force that the set of metrics are robust parameters for machine
learning sample classification methods and that the obtained
classification are reliable.
The RF provides, in addition, the metrics importance rank

for the groups classification. They provide interesting insights
on the actual decisive factor of each metric for the model’s
decision process. The table 7 presents the obtained results,
showing that the importance is quite well distributed over all
the metrics. However, note that the extracted fibre metrics are
the most important ones, both for the Gleason and the RS clas-
sification. In the LDA analysis, the cross validation score as
the number of features in figure 3 (b), shows that the optimal
number of features for the classification is around 18. From the
random forest, within the 18 most important metrics, the fea-
tures obtained by SHG analysis play a decisive role, 13 out of
18 features are from the fibre segment and fibre network met-
rics. These results reinforce that the reactive stroma parameters
should indeed the considered for a more precise diagnosis.

5 CONCLUSIONS

In summary we demonstrated the use of nonlinear imag-
ing and automated image analysis procedures that could help
improving cancer diagnosis. The SHG and 2PEF images allow
measurements of the collagen and cellular regions of the biop-
sies that provide quantitative fibre and cellular parameters.
These extracted parameters, after an automated image seg-
mentation, formed a dataset that by LDA and random forest
techniques achieved an excellent separation between non-
neoplastic and tumour samples with accuracy larger than 90%.
The discrimination for the Gleason score groups are similar to
the agreement between pathologists. Furthermore, the results
highlighted the importance of including the intensity of the
reactive stroma as a further tool for improving diagnosis and
prognostication. The average accuracy discrimination between
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TABLE 7 Random forest metric importance percentage for
the Gleason and RS classification.

Metric Gleason (%) RS (%)
No. Fibres 8.58 8.22
Circularity (cell) 5.78 6.42
Local Coherence (cell) 4.93 5.34
Intensity STD (fibre) 4.71 9.41
Angle SDI (cell) 4.68 1.91
Area (cell) 4.51 1.21
Eccentricity (cell) 4.46 2.99
Fibre Network
Cross-Link Density 4.11 2.59
Intensity Entropy (fibre) 3.77 9.01
Intensity Mean (fibre) 3.61 3.46
Circularity (fibre) 3.58 2.97
Coherence (cell) 3.49 4.60
Local Coherence (fibre) 3.35 3.18
Fibre Length 3.15 4.43
SHG Angle SDI (fibre) 2.97 3.02
Fibre Waviness 2.93 1.70
Fibre Network Degree 2.77 2.48
Coverage (fibre) 2.74 0.75
Fibre Angle SDI 2.70 0.91
No. Cells 2.62 0.30
Fibre Network Eigenvalue 2.61 1.95
Fibre Segment Area 2.58 2.58
Fibre Segment Eccentricity 2.49 2.05
Fibre Network Connectivity 2.44 2.40
Intensity STD (cell) 2.40 1.65
Coherence (fibre) 2.32 4.52
Coverage (cell) 2.29 2.42
Intensity Mean (cell) 2.03 5.13
Intensity Entropy (cell) 1.38 2.40

the RS patterns is 65 ± 5%. These findings reinforce the role
of the reactive stroma on the progression of the prostate tumor,
adding useful information for a better cancer classification.
The automated procedure has the potential of being used as a
high throughput image analysis tool, and we believe that it can
be successfully applied to other primary cancer sites.
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