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ABSTRACT
In this paper, we analyze digitized images of Hematoxylin-Eosin
(H&E) slides equipped with tumorous tissues from patient derived
xenograft models to build our bio-inspired computation method,
namely Personalized Relevance Parameterization of Spatial Random-
ness (PReP-SR). Applying spatial pattern analysis techniques of
quadrat counts, kernel estimation and nearest neighbor functions to
the images of the H&E samples, slide-specific features are extract-
ed to examine the hypothesis that existence of dependency of nuclei
positions possesses information of individual tumor characteristics.
These features are then used as inputs to PReP-SR to compute tumor
growth parameters for exponential-linear model. Differential evo-
lution algorithms are developed for tumor growth parameter com-
putations, where a candidate vector in a population consists of size
selection indices for spatial evaluation and weight coefficients for
spatial features and their correlations. Using leave-one-out-cross-
validation method, we showed that, for a set of H&E slides from
kidney cancer patient derived xenograft models, PReP-SR gener-
ates personalized model parameters with an average error rate of
13.58%. The promising results indicate that bio-inspired compu-
tation techniques may be useful to construct mathematical models
with patient specific growth parameters in clinical systems.
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1. INTRODUCTION
The growth of tumor mass in living bodies is a result of the tu-

morous cell proliferation characterized by the biological processes
in cancerous tissues. These processes can be analyzed with func-
tional models based on physiological hypotheses and biochemical
reactions [1, 2]. Apart from functional models, tumor growth can
also be described with empirical models using mathematical state-
ments of growth behavior without taking into account the basal pro-
cesses [3]. Exponential-linear model [1] is an empirical method of
tumor growth, where the amount of tumor mass increases expo-
nentially up to a threshold weight or volume at which the nature
of the growth becomes linear as a result of limitations in space and
supplies such as nutrition and oxygen [4].

In this study, we utilize Hematoxylin-Eosin (H&E) stained slides
to compute exponential-linear model growth parameters using bio-
inspired computation techniques. Equipping the glass slides with
diseased tissues dyed with a number of colors is a methodology
called H&E staining [5, 6]. For determination of cancer type and its
level in clinical settings, pathologists are provided with H&E slides
where the nuclei of the cells are stained in blue color and the con-
nective tissues in pink by hematoxylin and eosin, respectively [5].
The slides are visualized under a light microscope to determine the
amount of nuclei and their positions.

The spatial pattern of the position of points in an Euclidian plane
can be quantified with spatial randomness methods of quadrat counts,
kernel estimation and nearest neighbor functions [7, 8, 9]. Apply-
ing these spatial pattern analysis techniques to the images of the
H&E samples, slide-specific features can be extracted to examine
the hypothesis that existence of dependency of nuclei positions pos-
sesses information of individual tumor characteristics.

In this paper, using the features extracted from spatial random-
ness analysis of nuclei positioning, we compute tumor growth pa-
rameters specific to each H&E slide generated from kidney can-
cer patient derived xenograft models. Our parameter computa-
tion method is called Personalized Relevance Parameterization of
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Spatial Randomness (PReP-SR), which implements a differential
evolution (DE) [10] based artificial intelligence algorithm. In PReP-
SR a candidate vector in a population consists of size selection
indices for spatial evaluation and weight coefficients for spatial
features and their correlations. We show that PReP-SR computes
personalized tumor growth parameters for 14 H&E slides with an
average error rate of 13.58% using leave one out cross validation
(LOOCV) method [11].

Sect. 2 of this paper outlines related work in tumor growth mod-
els and spatial pattern analysis techniques. In Sect. 3 image de-
scriptors of H&E slides and construction and evaluation algorithms
for our PReP-SR model are introduced. Analytical results are dis-
cussed in Sect. 4. Concluding remarks are in Sect. 5.

2. RELATED WORK
Empirical models are defined to examine the proliferation of tu-

mor cells mathematically [12]. Exponential linear tumor growth
model [1, 3, 13] is an empirical model characterizing tumor pro-
gression with exponential and linear stages, where the growth be-
havior switches from exponential to linear at a certain weight. The
stage of a tumorous tissue can be graded experimentally by H&E
staining techniques, where the tissue sections are analyzed under a
light microscope [5]. Feature extraction methods are used in anal-
ysis of pathology slides [5, 14, 15]. In [14], Orlov et al. stud-
ied different feature extraction methods for biological and medical
images. The graphical and textural features of the digitized H&E
stained slides are examined by Doyle et al. [15] to capture the char-
acteristics of nuclei patterns.

Characteristics of object patterns in a spatial region can be eval-
uated in terms of randomness of point locations [9]. A number of
methods of spatial pattern analysis are studied in literature to iden-
tify data features [16]. The methods to extract information from
randomness of spatial point patterns are classified as the first and
second order properties to evaluate the intensity of the observations
and the relationship between point pairs [17]. In [18], Perry et al.
presented an analysis for different methods of spatial point patterns
to provide suggestions for their interpretations. Baddeley et al. [19]
introduced applications of spatial point pattern analysis.

In previous phases of our research [20, 21, 6], we studied con-
struction of personalized methods to compute growth characteris-
tics of tumor mass based on biomarkers such as gene expression
values and pathology slides using the artificial intelligence based
techniques we develop in our Bio-Inspired Computation Laborato-
ry at Electrical Engineering Department of the City College of New
York. In [20], we analyze the patient-specific tumor mass prolifer-
ation for breast cancer using the genetic information of individu-
als whose gene expressions and tumor volume measurements are
provided in I-SPY 1 TRIAL database [22] and NBIA database [23],
respectively. We computed the transit compartmental PK-PD mod-
el parameters in [21] using data provided in literature [24, 25],
where chemotherapeutic agents are administered to xenograft mice
models under different schedules, following the implantation of the
cells from breast cancer cell lines. Clustering is a method to group
data sets, where each cluster consists of similar data points [26].
Structure of clusters is quantified by a variety of methods reported
in literature [27, 28]. In our earlier study [6], we showed that the
data retrieved from the clusters of nuclei positioned on H&E stained
slides can be used to compute tumor growth parameters.

In this paper, our goal is to compute the patient-specific tumor
growth parameters with the help of H&E slide features generated
by spatial randomness methods applied to the pathology samples
from mice models injected with kidney cancer tumor cells.

3. METHODOLOGY

3.1 Preclinical Study and H&E Staining
To build a systematic approach for the computation of person-

alized parameters of exponential-linear model, we study spatial
randomness of nuclei positions on H&E stained slides from kid-
ney cancer xenograft models. In this research, patient-derived tu-
mor xenograft models were developed in Memorial Sloan Kettering
Cancer Center (MSKCC) using a protocol approved by the Institu-
tional Animal Care and Use Committee (IACUC).

4-6 week old NOD scid gamma (NSG) male mice obtained from
Jackson Laboratory were anesthetized by inhalation with an isoflu-
rane vaporizer before the tumor implantation process. Primary
tumor tissues obtained from kidney cancer patients were cut in-
to 3x3x3 mm3 fragments and implanted into mice flanks subcuta-
neously. Carprofen was administered to the mice by intraperitoneal
injection within 24 hours after surgery when they were still anes-
thetized.

To derive the growth characteristics of tumor mass in mice flanks,
we measured the tumor volume twice per week for approximately
a period of one month. The length (L) and width (W) of tumor mass
were measured by caliper and its volume was calculated using the
formula 0.5 · L ·W2. Although the experiments were completed at
the end of the one month period, any mouse with more than 2 cm
tumor mass in length in its flanks was euthanized without waiting
for the end of the experiment.

With the completion of clinical measurements, tumor growth
curves were plotted with GraphPad Prism software and tumor tissue
samples were collected and fixed in 10% formalin for histopatho-
logical analysis. Tumor tissues were cut into 5 µm sections with
microtome, and baked to use for standard H&E staining.

3.2 Spatial Pattern Analysis of H&E Slides

3.2.1 Spatial Point Process
Spatial point processes are statistical tools for analyzing the ob-

served pattern of objects to assess their spatial characteristics, such
as clustered, regularly distributed or located randomly in a study
area [17]. The randomness in the distribution of objects is deter-
mined in terms of spatial stationarity, which can be expressed as
the similarity in the patterns of randomly selected subareas of a
region [29]. Spatial randomness of objects is measured as the like-
lihood of their occupance of any location in a space, and the in-
dependence of these positions from each other. The randomness
of objects’ positions in space is based on the principle that regions
with the same size should have the same chance of containing any
randomly located object [29].

To extract information from a point pattern in a given space, the
identification of relative locations of the points is essential [16].
Randomness of point patterns is assessed with the first and second
order properties of a spatial point process, where the former proper-
ties are used in terms of intensity of the observations and the latter
ones are analyzed on the basis of the relationship between point
pairs [17].

3.2.2 First and Second Order Properties
Quadrat count and kernel estimation are two typical techniques

in examining the first order properties based on intensity of obser-
vation. In quadrat count, variation in the intensity of observations
of equal-sized rectangles provides an indication for the random-
ness in the distribution of the objects [16]. Like many area-based
metrics, quadrat counts may not be precise enough in evaluating
the first order properties of randomness due to their dependency on



quadrat dimensions. For this reason, kernel estimation technique is
used together with quadrat count. Kernel estimation is determined
based on the locations of objects to examine their density with a
kernel function of distance measurement.

In this study, we apply quartic kernel estimation method to the
nuclei locations of H&E slides in the assessment of the randomness
of their locations. Kernel estimation value [8] of λr(pi) for a given
object pi can be calculated as:

λr(pi) =
1
r2 · ∑

p j∈P\pi

k
(

pi, p j
)

(1)

where r is the threshold radius to specify the closest region for ob-
ject pi, P is the set of all objects, and k

(
pi, p j

)
is the kernel esti-

mation function for two distinct objects of pi and p j. Below, kQ
is formulated for the quartic based version of kernel function [8]
for objects pi and p j, where ‖pi − p j‖ is the euclidian distance
between these objects:

kQ
(

pi, p j
)
=

3
π
·

(
1−
‖pi− p j‖2

r2

)
(2)

Second order properties such as the nearest neighbor distances
are calculated to explore the spatial dependency among objects [17].
For example, according to second order properties, a regular or a
clustered pattern of objects violates the spatial randomness among
them, where the patterns are caused by an inhibitive or an attractive
interaction of object sets, respectively. The function K(υ) [30, 8]
defined as a function of threshold kernel radius υ to analyze second
order property of pattern randomness is formulated as follows:

K(υ) =
RP

n2 ·
n−1

∑
i=1

n

∑
j=i+1

Iυ

(
di j
)

wi j
(3a)

Iυ

(
di j
)

=

{
1, i f di j ≤ υ

0, otherwise
(3b)

where n is the number of points on the plane, RP is the area on
which the points of set P are located and wi j is the weight value to
correct the so-called edge effect [30] between objects i and j for
the set of P in an arbitrarily bounded region. Note that, due to the
fact that pathology images are bounded with straight edges, we can
disregard the edge effects in Eq. (3a) (i.e., wi j = 1 ∀ i, j ∈ P). To
count the total number of points inside a near neighbor region for
each object, an indicator function Iυ is defined, which has a value
of 1 for the points inside the region determined with the threshold
υ and 0 otherwise.

If a complete spatial randomness exists among objects of a given
region, K function calculates the expected number of observations
as π ·υ2 [8]. For this case, a special function, called L function [9],
is defined as a standardized version of K function to identify the
characteristics of second order properties. L function, which can
grade the dependence of locations quantitatively, is formulated as:

L(υ) =

√
K(υ)

π
−υ (4)

where in the case of complete spatial randomness, L(υ) becomes
0. If the pattern of the objects is a regular or clustered shape, L(υ)
evaluates to a negative or a positive value, respectively.

Once the dimensions of quadrats in quadrat count method and
the threshold radius of the region of observation in kernel estima-
tion method are selected, first order spatial pattern analysis tech-
niques can be applied to evaluate the randomness of object distri-

bution. The spatial dependency second order property indicators
of K- and L-functions can also be calculated based on threshold ra-
dius. Therefore, to extract information from object distributions, a
computationally efficient approach to select the dimension and ra-
dius values for a given region is required. In our study, we apply
bio-inspired computation methods to select the proper dimension
and radius values as explained in Sec. 3.3.

3.2.3 Spatial Randomness Features of H&E Slides
In our study, we analyze digitized images of H&E slides equipped

with tumor tissues from patient derived xenograft models to build
our personalized parameterization approach. We apply spatial pat-
tern analysis techniques to the images of the H&E slides to examine
and grade the randomness of nuclei locations. Slide-specific fea-
tures are extracted to evaluate the nuclei positions on glass slides
for the amount of information they may contain related to individ-
ual tumor characteristics. These features are then used as inputs
to our personalized parameterization method of spatial randomness
(PReP-SR) to compute the parameters of tumor growth models.

In our PReP-SR method, using bio-inspired computation tech-
niques, we compute the first four moments of the first order prop-
erties and the L-function of the second order properties. Our algo-
rithm converges toward fitter dimension and radius values of first
order properties with the computation of moments and L-function.
The fitness of the algorithm is defined such that, while DE computes
the spatial features, it also identifies the most informative quadrat
dimensions and radius sizes.

Figure 1: Image of H&E slide of Sample 51013-L digitized under
a light microscope with 20x magnification

(a) Binary image region (b) Nuclei centers in quadrats

Figure 2: The binary image of Sample 51013-L for the highlighted
part in Fig. 1 and nuclei positions in corresponding quadrats



In H&E staining technique, diseased tissue samples are equipped
on glass slides to make the nuclei distribution visible to human eye.
As an example of H&E staining, an image of digitized slide is giv-
en for Sample 51013-L in Fig. 1, which was taken under a light
microscope with 20x magnification. To distinguish the nuclei po-
sitions from other particles, we apply image processing techniques
such as binary imaging and basic morphology operations.

The binary images generated from the digitized images of pathol-
ogy slides are processed to extract features using first and second
order properties of spatial randomness. Fig. 1a shows the bina-
ry image of Sample 51013-L for the yellow box region in Fig. 1,
which corresponds to nine quadrats in our calculations. The nuclei
locations identified in these quadrats are shown in Fig. 1b. After
defining the quadrats on these binary images, the number of nuclei
is counted for each quadrat to determine the area-based randomness
moments using intensity variation.

In addition to area-based spatial randomness moments, quartic
kernel estimation method, which is the location-based method of
first order properties, is applied to calculate first four moments of
the kernel estimation value (i.e., λr) using Eqs. (1) and (2). To gen-
erate the set of λr values for each nuclei in a slide, their locations
are defined as centers of kernel circles. For the second order nu-
clei distribution characteristics, the functions of the second order
properties are computed with Eqs. (3) and (4), where the nuclei
locations are defined as nuclei centers similar to the kernel estima-
tion case. The first four moments of the area-based and location-
based spatial randomness methods and the resultant L-function for
the second order property are used as the slide specific features.

In PReP-SR, the dimension and radius values are computed to-
gether with spatial pattern features. For the first and second or-
der spatial randomness measures, we compute the fittest values for
the solution space determined by the size of the pathology slides.
In Table 1, the size and the feature results computed by PReP-SR
model for samples 51010-L, 50054, 51013-L and 50052 are list-
ed, where the dimension and radius values are given in the unit of
pixel (i.e., px), quadrat and kernel feature values in 1/px2, and L-
function in px. The slide-specificity of feature values can be seen
from the results given in Table 1. For the samples 51010-L and
50054, the values computed by our algorithm for the same fea-
tures do not show similarity even though the computed size values
are close to each other.

3.3 Modeling Tumor Growth

3.3.1 Exponential Linear Tumor Growth Model
Exponential-linear tumor growth model [3, 31] defines parame-

ters specific to the phase of the tumor growth characterized as cell
proliferation. In this empirical model, the growth of tumor mass in
untreated animal xenograft models has an initial exponential and a
followed by a linear behavior [1]. Consistent with clinical obser-
vations, tumorous tissue initially starts growing exponentially until
the nutrition and space limitations force the growth to switch to a
linear behavior [4]. In this model, the tumor weight w(t) at a given
time t is formulated as:

dw(t)
dt

=

{
λ0 ·w(t), w(t)≤ wth

λ1, w(t)> wth
(5)

where wth is the threshold weight at which tumor growth character-
istics switches from exponential to linear. λ0 and λ1 are exponen-
tial and linear growth parameters, respectively. The values of these
two parameters and wth are determined such that the derivatives in
Eq. 5 are kept continuous, which results in λ1 = λ0 ·wth.

Table 1: Size and Feature values of spatial randomness method-
s computed for selected H&E slides samples 51010-L, 50054,
51013-L and 50052

Size & Feature Sample Slide ID

51010-L 50054 51013-L 50052

Size Type Size Values from PReP-SR (px)
Quadrat Width 80 80 64 64
Quadrat Height 60 60 64 80
Kernel Radius 44 43 58 57
NN-circle Radius 54 77 53 41

Feature Name Feature Values from PReP-SR (1/px2)
Quadrat Mean 2.20 2.38 2.17 2.77
Quadrat Variance 1.82 1.57 1.32 1.79
Quadrat Skewness 0.33 0.38 0.44 -0.05
Quadrat Kurtosis 2.70 3.02 3.61 2.68
Kernel Mean 2.02 2.09 3.88 3.90
Kernel Variance 1.37 1.38 2.03 2.32
Kernel Skewness 0.42 0.31 0.03 0.34
Kernel Kurtosis 2.95 2.71 2.78 2.97
L-function (in px) -3.01 -4.20 -4.43 -4.11

3.3.2 Personalized Tumor Growth Parameters
In our research, we study methodologies to compute personal-

ized parameters for tumor growth models using biomarkers ob-
tained from individuals. We evaluate the clinical relevance of these
parameters by using tumor cells from patients and cancer cell lines
implanted into xenograft models. For example, in earlier phases
of our research [20, 21], we used gene expression values to com-
pute tumor growth parameters of exponential-linear model and the
shrinkage parameters of PK-PD compartmental model for breast
cancer cell lines. In [6], we utilized H&E slides from patient de-
rived xenograft models to compute the parameters for tumor sam-
ples collected from kidney cancer patients. In this paper, we ex-
tent our work on H&E slides to identify further image descriptors,
which are defined based on nuclei patterns on pathology slides.
The level of randomness in nuclei locations is used as a metric
to extract quantitative information from slide samples. Using the
slide-specific features retrieved with spatial randomness methods,
we build our personalized parameterization approach PReP-SR as
described below.

3.3.3 Construction of Feature Data Vector
To build PReP-SR model, we define a feature data vector which

is composed of elements derived using moments of spatial random-
ness quadrat count and kernel estimation methods and L-function of
random pattern analysis. In feature data vector, in addition to the
parameters calculated using pattern analysis methods, we have in-
cluded their correlations to take into account a possible dependency
among these parameters. For a pathology slide `x, m dimensional
feature data vector R`x can be expressed as:

R`x =< c, r1, · · · , rq, ζ1, · · · , ζκ > (6)

where c is the parameter of offset constant, q is the number of spa-
tial randomness features, κ is the number of correlation parameters,
and ri and ζ j stand for ith spatial randomness and jth correlation pa-
rameters, respectively. With the definition of set R for q number of
features that are initially derived from spatial randomness methods



and each denoted as r, correlation parameters can be computed as:

ζ j = ∏
ri∈S j

ri (7)

where the jth correlated feature set S j can be stated as:

S j = {ri ∈ R : C(ri,rk)≥ τ, ∀rk ∈ S j\ri} (8)

where C is the correlation function and τ is the threshold value
to decide if there is a correlation among several features. In our
study, we obtained the most useful results when set S j was con-
structed with correlated pairs (i.e., |S j| = 2) and τ was selected as
0.9. Note that parameter ri is a function formulated using either
quadrat dimensions or kernel radius of first order properties, or it is
the L-function of second order properties of spatial pattern analysis.

3.3.4 Feature Accordance Matrix ASR

The impact of features extracted from H&E slides are identified
by (µ ×m) dimensional feature accordance matrix ASR =

[
ai j
]

which is formed for m number of feature vector elements and µ

number of growth model parameters. In PReP-SR method, using
coefficient of matrix ASR, the vector of tumor growth parameters
for a pathology slide `x is calculated as

K`x = ASR ·R`x (9)

where µ number of tumor growth parameters are denoted by vector
K`x =< k1,k2, · · · ,kµ > for slide `x.

To compute the elements of coefficient matrix ASR, we have de-
veloped our DE-based algorithm using artificial intelligence tech-
niques from our earlier research [32, 33, 34]. The process of com-
puting the coefficient matrix ASR and tumor growth parameters is
illustrated with Algorithm 1, where the input data is provided from
tumor volume measurements of patient derived mice xenograft mod-
els and H&E slides collected at the end of the experiment.

In Algorithm 1, the candidate solutions are named as vectors,
which are composed of feature index parameters and candidate co-
efficients of row vector Aφ

SR. In this process, we define feature
index parameters as part of each candidate vector to choose the
dimension and radius for quadrat count, kernel estimation, and L-
function of nearest neighbor (shown at line 4). The other elements
of each candidate vector are defined as the coefficients of Aφ

SR row
vector to weigh the computed features, as shown at line 5. Once the
dimension and radius sizes and Aφ

SR row vector are calculated using
the candidate, we compute feature data vector and weighted least
square difference for each slide sample as shown in lines 6 to 10.
Here, to decrease the variance of error rates among slide samples,
we utilize a least square error calculation weighted inversely with
the magnitude of the growth parameter. For a sample slide `x it is
formulated as:

ε(`φ ,x) =

(
kφ ,x− k̃φ ,x

kφ ,x

)2

(10)

where kφ ,x and k̃φ ,x are the measured and estimated values of pa-
rameter kφ , respectively, for slide `x. Using error rates of each

slide, we compute the fitness of candidate~h
g
i for ith individual in

gth generation as:

f (~h
g
i ) = ∑

`x∈S
ε

g
i (`x) (11)

We evolve the candidate vector population to the next generation as
illustrated at lines 13-16 of Algorithm 1. At line 13, the best pop-
ulation is determined using the fitness function, which approach-
es to a desirable solution due to exploitation feature of DE, where

Algorithm 1: Computation of matrix ASR and tumor growth
parameters for H&E slide samples

Data: H&E slides and tumor growth parameters kφ ∈ K from
experimental volume measurements for n slides

1 foreach tumor growth parameter kφ ∈ K do
2 foreach candidate vector population Hg of generation g do
3 foreach candidate~h

g
i ∈ Hg do

4 define feature index parameters of~h
g
i ;

5 define candidate Ag
i row vector of~h

g
i ;

6 foreach slide `x ∈ S do
7 compute feature data vector R`x ;
8 compute estimated k̃φ ,x value using Eq. (9);
9 calculate error ε

g
i (`φ ,x) using Eq. (10);

10 end
11 calculate fitness using Eq. (11);
12 end
13 calculate fittest candidate vector population Hg

best ;
14 if g < |G| then
15 evolve candidate population Hg+1 from Hg

best ;
16 end
17 end
18 calculate fittest candidate vector~h with Eq. (12) ;
19 define the Aφ

SR row vector of the fittest chromosome;
20 end
21 construct ASR matrix using Aφ

SR row vectors;

S: set of slides, |G|: number of generations, H: solution space

a more thorough search is performed over a local region. Explo-
ration feature of DE, where a more pronounced random search over
the global solution space takes place, is implemented at line 15. We
repeat the procedure generation by generation to find out the fittest
solution for Aφ

SR row vector (shown with lines 18-19). The fittest
candidate~h is calculated from solution space H as:

~h= argmin
~h

g

i ∈H

f (~h
g
i ) (12)

At the end of Algorithm 1, the row vectors computed for each
growth parameter kφ ∈ K constitute the coefficient matrix ASR as
shown at line 21.

3.3.5 Computation of tumor growth parameters
We utilize spatial randomness features to compute tumor growth

parameters for a given set of H&E slides. In our personalized pa-
rameterization model PReP-SR, array of growth parameters K̃φ for
n number of H&E slides is denoted as:

K̃φ = (k̃φ ,`1 , k̃φ ,`2 , · · · , k̃φ ,`n) (13)

where k̃φ ,`x is the value of the φ th parameter for slide `x. The equa-

tion set to compute Aφ

SR row vector of matrix ASR corresponding to
φ th growth parameter of all slide samples can be formulated as:

A
φ

SR = K̃φ ·
[

C
RR

]−1
(14)

where C is a row vector whose elements consist of offset constant
c for n slides, and RR is the reduced form of matrix R.



Using Eq. 14, the computation of tumor growth parameter kφ for
sample slide `x can be stated as:

kφ = c ·aφ ,0 +
q

∑
s=1

aφ ,s · rs +
κ

∑
t=1

aφ ,(t+q) ·ζt (15)

where aφ , j is the jth coefficient of the row vector Aφ

SR. Note that
the number of correlation parameters included in the feature data
vector is restricted by a constant ρc to obtain an over-determined
system of equations to be used in PReP-SR. For this reason, in
Algorithm 1, we disregard the candidates which result in more cor-
relation parameters than ρc. In the study presented in this paper,
considering the values of the total number of spatial randomness
parameters and the total number of slides, we set ρc = 4.

3.3.6 Cross validation of PReP-SR

In PReP-SR, tumor volume measurements and corresponding H&E
stained slides are used to compute the tumor growth parameters.
We apply a leave-one-out-cross-validation (LOOCV) [11] based tech-
nique as a performance metric to evaluate the outputs generated by
PReP-SR. Implementation of this procedure is presented in Algo-
rithm 2.

Algorithm 2: Cross validation algorithm for ASR matrix
Data: H&E slides and tumor growth parameters kφ ∈ K from

experimental volume measurements for n slides
1 foreach slide `u ∈ S do
2 remove slide `u from set S : Su = S\`u ;
3 remove parameters of vector K`u from set K: Ku = K\K`u ;
4 compute ASR(`u) matrix using sets Su and Ku in

Algorithm 1;
5 compute feature data vector R`u using fittest candidate h

from Algorithm 1;
6 compute vector K`u using Eq. (9);
7 calculate error rate in tumor volume with

εV(`u) = ∑ti∈Tu
|Vφ ,u(ti)−Vφ ,u,comp(ti)| / Vφ ,u(ti)

8 end
9 calculate cross validation error rate εCV = 1

|S| ·∑`u∈S εV(`u)

In Algorithm 2, at lines 2-3, we define a training set from n slides
to construct feature accordance matrix ASR(`u), which corresponds
to slide `u. Once PReP-SR computes ASR(`u) matrix using Algo-
rithm 1, we compute feature data vector R`u in lines 4-5 using the
fittest candidate~h. In line 6, the growth parameter vector K`u is
formed using Eq. (9). In line 7, with the computed parameters for
each slide `u, tumor volume can be calculated for each time point
ti ∈ Tu where Tu is defined as the set of time points at which pre-
clinical measurements of slide `u are recorded.

The error rates of tumor volume values from PReP-SR model are
calculated as the difference between these computed values and
the corresponding measurements recorded during preclinical study.
The percentage error rate for slide `u ∈ S and the mean error rate
for all slides of set S are shown at lines 7 and 9 of Algorithm 2,
respectively.

4. ANALYTICAL RESULTS
In this study, we compute tumor growth parameter λ1 of the

exponential-linear model with preclinical measurements taken after
volume of tumor mass reached 400 mm3. With the construction of
feature accordance matrix ASR, the LOOCV based methodology in
Algorithm 2 is used to evaluate the error rate. In Fig. 3, we present

Figure 3: The LOOCV percentage error rate of H&E slide samples
and significance value for measured and computed tumor volumes
for each slide

the error rates with bars for slide samples, where the percentage of
error rate is scaled with the vertical axis on the left side. Based
on PReP-SR results, we observe an average LOOCV error rate of
13.58% for 14 sample H&E slides.

In addition, we can analyze the significance of the error rate for
PReP-SR model by computing the coefficient of determination (de-
noted as R2 ∈ [0,1]), which is calculated as the square of the cor-
relation between two sets of values. The inverse of significance
level ς is formulated as ς = 1−R2, where R2 is the coefficient of
determination for the computed and measured volumes of tumor
mass at multiple time points during the experiment. The inverse
significance level will be low when the correlation is high, imply-
ing that the measurements taken during preclinical experiment are
consistent with exponential-linear growth behavior. In Fig. 3, in-
verse significance values for 14 sample slides are shown with the
vertical axis on the right hand side.

To provide a closer look at our analytical results, let us exam-
ine four different samples with various significance levels and error
rates chosen from Fig. 3. The scatter graphs shown in Figs. 4a -
4d are for the H&E slide samples of 51010-L, 50054, 51013-L
and 50052, respectively. An ideal result can be defined as a case
where the computed and the measured values are the same (i.e., s-
lope of the trendline is 1), and the data points are all on the trendline
(i.e.. R2 = 1). The four samples are selected such that the results
show a low error rate with a high significance for Sample 51010-L
(Fig. 4a), high error rate with high significance for 50054 (Fig. 4b),
high error rate with low significance for 51013-L (Fig. 4c), and an
average error rate with an average significance for 50052 (Fig. 4d).

In Figs. 4a - 4d, the difference between the slope of the trendline
and an ideal slope of 45◦ rising line is proportional to the average
error rate from Fig. 3. The scatter graph of correlation is depicted
for Sample 51010-L in Fig. 4a, for which we obtained an error rate
of 2.5% with an inverse significance value of ς = 0.09. The devia-
tion of trendline’s slope (calculated as 0.95) from 45◦ rising line is
small, which is consistent with the small error rate for this sample.
In Fig. 4b, for the correlation scatter graph of sample 50054, we
observe that the error rate is relatively larger (calculated as 20.35%)
with a high significance (ς = 0.02 in Fig 3). In Fig. 4c, for Sample
51013-L, we observe a similar error rate (calculated as 19.5%) but
a lower significance (ς = 0.15) than for Sample 50054. As can be
seen in Fig. 4c, the computed volumes are larger than the preclini-



(a) Sample Slide 51010-L

(b) Sample Slide 50054

(c) Sample Slide 51013-L

(d) Sample Slide 50052

Figure 4: The Scatter Plot of correlation between measured and
computed tumor volumes and the trendlines for H&E sample slides

cal measurements for all time points, which results in a slope value
larger than 1. Fig. 4d illustrates a scatter plot of Sample 50052, for
which an approximately average result (9.53%) was obtained with
an average significance (ς = 0.06) in our study.

Table 2: Comparison of LOOCV % error rate, inverse significance
value ς = (1−R2), and slope of trendline for the selected H&E
slides of 51010-L, 50054, 51013-L and 50052

Results from Figs. 3 & 4
Metric Type 51010-L 50054 51013-L 50052

% error rate 2.50 20.35 19.50 9.53
1−R2 0.09 0.02 0.15 0.06
slope of trendline 0.95 0.67 1.18 1.11

Values of percentage error rate, inverse significance and the slope
of trendline are given in Table 2 for the sample slides of Fig. 4.
We see that the error rate increases as the difference between the
slopes of trendline and 45◦ rising line gets larger (as can be seen
from Samples 51010-L and 50052, which have close significance
values). Another observation is that the dependency between error
rate and the slope difference is influenced by the significance value
(as can be seen from Samples 50054 and 51013-L, which have
close error rates).

5. CONCLUDING REMARKS
In this paper, we present PReP-SR method to compute person-

alized tumor growth parameters based on the digitized images of
H&E slides equipped with kidney cancer tumor tissues from patient
derived xenograft models. To examine the hypothesis that the nu-
clei positions possess information of tumor growth behavior specif-
ic to slides, we extract features using spatial pattern analysis tech-
niques of quadrat counts, kernel estimation and nearest neighbor
functions. Using spatial randomness features as inputs to PReP-
SR, we compute tumor growth parameters for exponential-linear
model. The DE-based algorithm in PReP-SR defines a candidate
vector consisting of size selection indices for spatial evaluation and
weight coefficients for spatial features and their correlations. The
fittest candidate vector is employed to compute the slide-specific
parameters for new slide samples. With LOOCV method, for a set
of H&E slides obtained from xenograft models implanted with kid-
ney cancer tumor tissues, PReP-SR generates personalized model
parameters with an average error rate of 13.58%. Also, the level
of correlation between preclinical measurements and the comput-
ed results indicates that the measurements taken during preclinical
experiment are consistent with exponential-linear growth behavior.

These promising results encourage development of artificial in-
telligence based methods utilizing spatial features to compute per-
sonalized tumor growth parameters for mathematical models. These
models based on patient specific information may play an impor-
tant role in supporting clinical systems. We plan to extend our re-
search to include computation of tumor shrinkage parameters for
kidney cancer patients.
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