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1. Joint nuclei segmentation and classification in histopathology
images
Histopathological assessment remains a cornerstone of the clinical diagnosis and classification of cancer. The underlying tissue architectures in histopathological images provide
a wealth of information about the nature of disease, cytogenetic abnormalities, and characteristics of the microenvironment [1]. For example, malignant tumor cells can be distinguished from benign cells by the features of their nuclei [1], and the extent of
lymphocyte infiltration in the microenvironment often has prognostic significance [2].
Furthermore, phenotypic variations among tumor cells, which are indicative of intratumor heterogeneity, have consequences for treatment strategies for cancer patients [3].
Therefore, the development of algorithms for refined segmentation and classification
of histopathological structures, such as lymphocytes and cancer nuclei, can help improve
the clinical management of cancer.
Nuclei segmentation and classification are both challenging tasks. The size of nuclei is
much smaller compared to that of glands or organs, and the nuclei are often close to each
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other, making it hard to segment individual nuclei accurately. The fine-grained classification of nuclei is also difficult due to the large interclass and intraclass variances in nuclear
shapes and textures. Traditional methods like thresholding, watershed, clustering, and
region growing [4] are not able to cope with these challenges well. Early learning-based
methods learn to segment or classify nuclei using low-level handcrafted features such as
color, texture, and gradients of geometric features [5–7], or learn kernel and hashing
functions for classification based on handcrafted features [8–10], which have limited representation capability.
Recently, deep convolutional neural networks (CNNs) have achieved great success
for image classification and segmentation [11–14]. Furthermore, many deep learningbased methods have been proposed for histopathology image analysis [15, 16], such as
metastasis detection [17, 18], invasive cancer localization [19], nuclei segmentation
[15, 20–22], and nuclei classification [23, 24]. Xing et al. [20] utilized CNNs to obtain
an initial shape of nuclei and then to separate individual nuclei using a deformable model.
In Refs. [15, 21], nuclei segmentation is performed by classifying the pixels into classes
using a patch around each pixel as the input to an image classification network. The computational cost is large because each patch predicts only 1 pixel. Fully convolutional neural networks (FCNs) [13, 14], which directly output the same size of segmentation map as
the input image, are more efficient and effective for image segmentation tasks and have
been used in nuclei segmentation [22]. Compared to nuclei segmentation, there are
fewer works about nuclei fine-grained classification using deep learning. Sirinukunwattana et al. [23] built two CNNs to detect nuclei and then classified them into subcategories. Zhou et al. [24] proposed a sibling CNN with objectiveness prior to detect and
classify nuclei simultaneously.
Although the current methods have achieved good accuracy, they focus on segmentation or classification. They are not able to produce the pixelwise masks of different types
of nuclei at the same time, and thus they cannot generate both nucleus features and spatial
distributions, which are important for histopathology image analysis. Actually, the network structures for two tasks are similar; both need to extract feature representations from
the input image.
In this chapter, we propose a framework to solve these two tasks jointly. As opposed
to previous methods, our model outputs the segmentation map for every type of nuclei
and the background, which can segment individual nuclei, as well as classifying them into
tumor, lymphocyte, and stroma subcategories. In addition, we use one more channel to
predict the contours of nuclei, aiming at separating any touching nuclei. To improve the
segmentation accuracy further, we take advantage of the perceptual loss [25] that can
measure small differences in two images. In addition, transfer learning is utilized to promote the training due to the small size of the annotated dataset.
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1.1 Training data generation
1.1.1 Dataset
To evaluate the performance of joint nuclei segmentation and classification algorithms,
we annotated a dataset that consists of 40 H&E stained tissue images from eight lung adenocarcinoma or lung squamous cell carcinoma cases, with each case having five images
about 900  900 in size. There are around 24,000 annotated nuclei in the dataset, and
each nucleus is marked as one of the following three types: a tumor nucleus, a lymphocyte
nucleus, and a stroma (e.g., fibroblasts, macrophages, neutrophils, and endothelial cells)
nucleus. For each image, we use one labeled image to encode the segmentation mask and
classify the class information of each nucleus. In a ground-truth label image, pixels of
value 0 are in the background. Pixels that have the same positive integer belong to an
individual nucleus. Therefore, each nucleus has a unique ID, as shown in Fig. 8.1B.
The integer value ID also indicates the class of the nucleus, as follows (where mod is
the modular operation):
• Tumor nucleus: mod(id, 3) ¼ 0
• Lymphocyte nucleus: mod(id, 3) ¼ 1
• Stroma nucleus: mod(id, 3) ¼ 2
It is easy to extract the class information from this encoding. Fig. 8.1 shows an example of
an original image and its labels.
In many machine learning tasks, a dataset consists of three parts: a training set that is
used to train the model, a validation set for choosing the best model during training, and a
test set that aims to evaluate the performance of the trained model. Following this rule,
this dataset is split into three parts: 24 images for training, 8 for validation, and the remaining 8 for testing. The training set contains three images for each case, and the other two
sets have one image for each case.

Fig. 8.1 Example of an image and its labels. (A) Original image; (B) ground-truth label; (C) classification
label, red, green, and blue (dark gray, gray, and light gray) represent tumor, lymphocyte, and stroma
nuclei, respectively); (D) segmentation label (distinct colors indicate different nuclei).
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1.1.2 Preprocessing
As the tissue images come from different patients, there is a large variation in image colors,
which has a negative effect on the segmentation results. Therefore, we use the color transfer
method [26] to eliminate the color variation of these images. This method transforms the
color of an image to a similar color as the referenced image in a three-step process:
1. Transform both images from the RGB color space to the lαβ color space, aiming at
removing the correlation of different color axes.
2. Adjust the mean and standard deviation of source image according to the
referenced image.
3. Transform the corrected image from the lαβ color space to the RGB color space.
This method is fast and effective to normalize all images in the dataset. Two images before
and after color normalization are shown in Fig. 8.2.
Data augmentation is crucial for training deep neural networks when only a few training images are available, which is exactly the case in our task. For each large image in the
training set, we extract 16 image patches with size 250  250 uniformly with overlap,
resulting in 384 small image patches. For each patch, a 224  224 image is randomly
cropped as the network input. Other augmentations include random scale, random horizontal and vertical flip, random affine transformation, random elastic transformation,
random rotation, and normalization with mean and standard deviation by channel.

1.2 Deep learning-based segmentation and classification
1.2.1 Network structure
Our proposed framework is shown in Fig. 8.3. It consists of two parts: the prediction
network, which generates the segmentation mask of each type of nuclei; and the perceptual loss network, which computes the perceptual loss between the predicted and
ground-truth labels.
The prediction network is the routine encoder-decoder structure. We utilize the
powerful representation ability of residual networks [12] to extract the features. The
encoder is from ResNet34 [12], without the average pooling and fully connected layers,

Fig. 8.2 Images before and after color normalization. (A) image 1, (B) image 2, (C) image 1 after color
normalization, (D) image 2 after color normalization.
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Fig. 8.3 System overview. Our framework consists of the prediction network and the perceptual loss
network. The prediction network takes the feature extraction part of ResNet34 as the encoder and
outputs the segmentation map of different types of nuclei. The loss network uses the fixed,
pretrained VGG16 model as a feature extractor and computes the perceptual loss.

and is initialized with the pretrained parameters from image classification tasks. It extracts
features of the input image layer by layer, from low level to high level. The decoder part
recovers the resolution of feature maps and generates the segmentation results, with the
help of the skip connections between the encoder and the decoder. This network outputs
five probability maps: the background, the inner part of tumor nuclei, the inner part of
lymphocyte nuclei, the inner part of stroma nuclei, and the contours of all nuclei. The
contour map mainly aims to capture the contours of crowded and touching nuclei. As a
result, the predicted inner parts of each nucleus are not connected, and we can obtain the
instance segmentation of individual nuclei. The final nuclei mask is generated by a morphological dilation operation. In this way, we can obtain each individual nucleus without
much extra effort.
The perceptual loss network is utilized to improve the segmentation accuracy of
details in the image. It originates from Johnson et al. [25], in which the authors compute
the loss between high-level features of the transformed image and the original image. The
pretrained VGG16 model [27] is a feature extractor and is fixed during training and testing. Four levels of features are extracted using this network for the output of the prediction network and the ground-truth label (i.e., feature maps after the last ReLU layer of
the first, second, third, and fourth blocks of the VGG16 model), denoted as relu1–2,
relu2–2, relu3–3, and relu4–3. The mean squared loss is then computed between the feature
sets of two inputs.
1.2.2 Loss function
The loss function of the method consists of two parts. The first part is the cross-entropy
loss for five classes (i.e., background, inside tumor, inside lymphocyte, inside stroma, and
contour). It is defined as
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Lce ðy, t, wÞ ¼ 

N X
5
1X
ðmÞ
ðmÞ
wi ti logyi
N i¼1 m¼1

(8.1)

where N is the number of all the pixels, y(m)
is the probability of pixel i belonging to class
i
m, t(m)
2
{0,
1}
is
the
corresponding
ground-truth
label of class m, wi is the optional weight
i
for pixel i, and the default value is 1 for all pixels.
When training deep-learning models, a problem is the highly skewed frequencies of
various classes in the dataset (i.e., the class imbalance problem). For example, in our dataset, the frequency of nuclear contour pixels is much less than that of noncontour pixels.
One possible solution to this problem is to assign different values of wi for different classes
of pixels. We set the weight using a similar method in Ref. [14]:
!
ðd1 ðxi Þ + d2 ðxi ÞÞ2
w ðxi Þ ¼ 1 + w0  exp 
(8.2)
2σ 2
where d1 and d2 are the distances to the nearest and the second-nearest nuclei, respectively. In the experiments, we set σ ¼ 5 pixels and w0 ¼ 10. In this setting, pixels between
close or touching nuclei are assigned much larger weights because those pixels are more
important to split nuclei.
The second part is the perceptual loss. Let us denote the trained VGG16 model as a
function f. The features after the ReLU layer of the kth block can be written as fk(x),
where x is the input of VGG16. The size of kth-level features is denoted as Ck  Hk  Wk.
The perceptual loss is
4
1X
Lk ðy^, tÞ
4 k¼1 per
1
Lkper ðy^, tÞ ¼
jjfk ðy^Þ  fk ðtÞjj22
Ck Hk Wk

Lper ðy^, tÞ ¼

(8.3)

where y^ ¼ arg max y is the prediction map obtained from the output probability map y.
The loss function of the whole network is
L ¼ Lce + βLper

(8.4)

where β is a parameter that adjusts the weight of the perceptual loss and is set to 0.1 in the
experiments.
1.2.3 Postprocessing
Because our model outputs the inside areas of each nucleus, we need postprocessing to
get the final segmentation and classification results. The initial segmentation map is
obtained by setting contour pixels as the background. Then we adopt several simple morphological operations (i.e., removal of small areas, connected component labeling, and

Deep learning-based nuclei segmentation and classification

dilation with a disk filter) to generate the final results. The dilation operation aims to
recover the whole mask of nuclei from the inside mask.
1.2.4 Evaluation methods
The performance of our method is evaluated using common metrics in segmentation and
classification tasks. For nuclei segmentation, we use the F1-score to measure the detection accuracy. It is defined as the harmonic mean of precision and recall, as follows:
F1 ¼

2  precision  recall
2TP
¼
precision + recall
2TP + FP + FN

(8.5)

where TP, FP, and FN are the number of true positives, false positives, and false negatives, respectively. A segmented nucleus is considered as a true positive if it overlaps with
at least 50% of a ground-truth nucleus. Otherwise, it is a false positive. All ground-truth
nuclei that have no corresponding segmented nuclei are treated as false negatives.
The object-level Dice coefficient [28], Jaccard index [29], and Hausdorff distance are
used to measure the segmentation accuracy. The Dice coefficient and Jaccard index measure how well the ground-truth object G and predicted object S overlap with each other:
DiceðG, SÞ ¼

2|G \ S|
|G \ S|
, JaccardðG, SÞ ¼
|G| + |S|
|G [ S|

(8.6)

where |  | denotes set cardinality. The higher these values are, the better the segmented
results overlap with the ground-truth objects. The Hausdorff distance is utilized to measure the shape similarity between G and S, and defined as
(
)
HausðG, SÞ ¼ max sup inf dðx, yÞ, sup inf dðx, yÞ
x2G y2S

y2S x2G

(8.7)

A lower Hausdorff distance indicates better shape similarity for two objects. Directly
applying these metrics to the whole segmentation image results in pixel-level accuracies,
which is not enough to represent the performance of instance-level segmentation.
Therefore, we employ the object-level metrics defined in Ref. [30]:
(
)
nG
nS
X


1 X
e j , Sej
Mobj ðG, SÞ ¼
γ M ðGi , Si Þ +
σj M G
(8.8)
2 i¼1 i
j¼1
|Sj |
|Gi |
, σ j ¼ XnG
γ i ¼ XnG
|Gn |
|S |
n¼1
n¼1 n

(8.9)

where M can be a Dice coefficient, Jaccard index, or Hausdorff distance; nG and nS are the
number of objects in the ground-truth image and segmented image, respectively; Gi is a
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ground-truth object; Si is its corresponding true positive segmentation; Sej is a segmented
e j is its true positive ground-truth. Here, true positive has the same meaning
object; and G
as that in F1-score. The object-level metrics measure not only how well the segmented
objects overlap with ground-truth objects, but also how well the ground-truth objects
overlap with segmented ones. The area of each object is also taken into consideration
by applying the weights γ i and σ j.
For nuclei fine-grained classification, we only consider the accuracy among
true-positive segmented nuclei because they have the true class labels. For those false,
positively segmented nuclei, no ground-truth labels are available. The accuracy is not
sufficient to represent the performance due to the various numbers of true positives.
Therefore, we list the number of correctly classified nuclei for reference.

1.3 Experimental results
Here, we test the proposed method on the lung cancer dataset mentioned in Section 1.1
and compare it to two popular approaches for segmentation. One is the fully convolutional network proposed by Long et al. [13], which is the first FCN used for segmentation
tasks. The other is U-Net [14], which has been widely used in medical image segmentation. Both networks output five probability maps as ours. For all models, we trained 300
epochs with the Adam optimizer. The learning rate, batch size, and weight decay are
0.0001, 8, and 0.0001, respectively.
The nuclei segmentation and classification results using FCN-8s, U-Net and our
method are shown in Tables 8.1 and 8.2. It can be observed that all three models have
achieved relatively good segmentation and fine-grained classification results, showing that
our idea of combining the two tasks is feasible. Compared to FCN-8s and U-Net, our
method makes improvements on the segmentation of all types of nuclei, especially lymphocytes. The improvements to subcategory nuclei are larger than those to all nuclei
because the classification results also affect the subclass metrics (i.e., wrongly classified
nuclei have no corresponding ground-truth ones, thus reducing the F1, Dice coefficient,
and Jaccard values and increasing the Hausdorff distance). For nuclei classification, our
method achieves the best accuracies except for lymphocytes. However, the number of correctly classified lymphocytes is 32% and 8% more than that of FCN-8s and U-Net, respectively. Therefore, our method also outperforms FCN-8s and U-Net on the fine-grained
classification.
To illustrate the effects of transfer learning and the perceptual loss, we report the
results for our model without perceptual loss or the pretrained weights of the encoder
part. It is evident that both techniques can promote the performance of segmentation
and classification. The results without transfer learning are worse than those without
the perceptual loss, showing that transfer learning is more important than the perceptual
loss for this small dataset. Without transfer learning, the training images are not sufficient
to train the whole network well enough.
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Table 8.1 Nuclei segmentation results of various types of nuclei on the test set using FCN-8s [13],
U-Net [14], our method without perceptual loss (Ours w.o. Lper), our method without transfer learning
(Ours w.o. TL), and our method
Method

All

Tumor

Lymphocyte

Stroma

F1
Diceobj
Jaccardobj
Hausobj
F1
Diceobj
Jaccardobj
Hausobj
F1
Diceobj
Jaccardobj
Hausobj
F1
Diceobj
Jaccardobj
Hausobj

FCN-8s [13]

U-Net [14]

Ours w.o. Lper

Ours w.o. TL

Ours

0.8630
0.8418
0.7696
5.17
0.7775
0.8072
0.7417
8.52
0.5274
0.5653
0.5219
41.52
0.5619
0.5281
0.4670
17.88

0.8735
0.8651
0.8092
4.68
0.8022
0.8313
0.7803
7.58
0.6198
0.6220
0.5893
36.99
0.5928
0.5663
0.5150
15.93

0.8742
0.8695
0.8141
4.40
0.8059
0.8385
0.7877
6.93
0.6204
0.6370
0.6039
28.13
0.6186
0.5986
0.5458
14.36

0.8652
0.8633
0.8041
4.67
0.7970
0.8311
0.7764
7.43
0.6346
0.6257
0.5924
31.75
0.5850
0.5658
0.5125
15.88

0.8859
0.8759
0.8205
4.14
0.8263
0.8459
0.7949
6.66
0.6709
0.6677
0.6323
27.26
0.6223
0.5889
0.5361
14.99

Note: Bold numbers indicates the best values.

Table 8.2 Nuclei fine-grained classification accuracies (%) of different types of nuclei on the test set
using FCN-8s [13], U-Net [14], our method without perceptual loss (Ours w.o. Lper), our method without
transfer learning (Ours w.o. TL), and our method
Method

FCN-8s [13]

U-Net [14]

Ours w.o. Lper

Ours w.o. TL

Ours

All
Tumor
Lymphocyte
Stroma

80.96 (3448)
85.14 (2103)
81.43 (421)
72.64 (924)

83.00
88.72
75.85
76.20

83.86
89.56
80.00
75.90

83.19 (3618)
90.66 (2059)
72.73 (544)
76.32 (1015)

84.75 (3735)
90.29 (2139)
75.44 (556)
79.94 (1040)

(3653)
(2139)
(515)
(999)

(3709)
(2144)
(488)
(1077)

Note: Bold numbers indicates the best value. The number of correctly classified nuclei is listed in parentheses for reference.

For the subcategory results of both tasks, the performance on tumor nuclei is the best
because it is easier to distinguish. The shape and size of some lymphocyte and stroma
nuclei are very similar, resulting in relatively lower segmentation and classification accuracies. Actually, the segmentation and classification of subcategory nuclei affect each
other. High segmentation accuracy is beneficial for classification, and high classification
accuracy reduces the number of unpaired segmented and ground-truth nuclei, which can
increase the segmentation metrics. Some representative image results of segmentation
and classification are shown in Fig. 8.4.
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Fig. 8.4 Representative image results of FCN-8s, U-Net, and the proposed method. The top two rows
(1) and (2) are the results of classification. Red, green, and blue (dark gray, gray, and light gray)
represent tumor, lymphocyte, and stroma nuclei, respectively. The bottom two rows (3) and (4) are
the results of instance-level segmentation. The different colors indicate individual nuclei.
(A) Subimage, (B) true label, (C) FCN-8s, (D) U-net, and (E) Ours.

2. Applications to imaging genomics
Imaging genomics is an emerging field that explores the phenotype-genotype relationships (i.e., the relationships between imaging features of a disease and genomic features
like genetic alternations, gene expression patterns, and other genome-related characteristics [31]). Imaging features can provide a comprehensive spatial view of the entire
tumor, as well as the information on peritumoral regions [32]. Some features that seem
irrelevant may have clinical significance. Genomic features, such as gene mutations, are at
the molecular level and lead to the cause and development of cancer. However, it remains
unclear how the genomic features affect many cancers because multiple gene mutations
are often involved. Uncovering correlations between imaging and genetic features can
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promote the understanding of some biologic mechanisms and pathways of gene expression and lead to finding more biomarkers that are predictive of clinical outcomes, which
are beneficial for cancer diagnosis and treatment.
In imaging genomics, imaging features often come from modalities like computed
tomography (CT) and magnetic resonance imaging (MRI). Many studies have tried to
correlate such imaging features with genomic data [32]. However, features from histopathology images are important as well. The tissue structures from those images also contain
underlying molecular profiles and are related to genetic alterations and gene expression
patterns. Finding the genotype-phenotype correlations for histopathology images provide
a better understanding of tumor biology and further improve the precision of clinical predictions [33]. The whole slide images (WSIs) obtained by digitalization of pathologic specimens often have high image quality and contain hundreds of millions of pixels; thus, the
manual feature extraction is laborious and subjective, and may not be representative of the
whole image. The automatic nuclei segmentation and classification method proposed in
Section 1 can be applied here for imaging feature extraction. In this section, we introduce
two possible applications for the extracted features in imaging genomics.

2.1 Intratumor heterogeneity
Intratumor heterogeneity (i.e., genetic, molecular, and phenotypic differences between
tumor cells within a single tumor) is a major challenge for clinical management of cancer
patients, contributing to therapeutic failure, disease relapses, and drug resistance. For
example, in the work [34], the authors mention that a small part of subclones within
chronic myeloid leukemia (CML) is resistant to the targeted drug tyrosine kinase inhibitors that should be effective, which may result from intratumor heterogeneity. The
intratumor phenotypic heterogeneity has been observed since the earliest days of cancer
biology [35], and recent findings suggest that there is extensive intratumor genetic heterogeneity in all major cancer types [36]. But it remains to be understood how the genetic
heterogeneity relates to intratumor heterogeneity at the pathway and cell phenotype
levels.
Based on the framework in Section 1, we are able to identify the accurate locations
and shapes of tumor and nontumor nuclei in histopathological slides and then compute
the spatial heterogeneity according to their locations, which can be associated with
genetic heterogeneity.
2.1.1 Intratumor spatial heterogeneity
The term spatial heterogeneity refers to the spatial difference of tumor cells in a single tumor.
Such a difference may lead to a situation in which a biopsy does not provide an adequate
reflection of the phenotypic composition of the whole tumor [35]. With the locations
of all nuclei in a WSI, we can use some measures in ecology, such as q-statistic [37] and
diversity indices, to reflect the extent of local and regional heterogeneity.
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The q-statistic measures the spatial stratified heterogeneity, which may imply the existence of distinct mechanisms in strata/areas (i.e., the various tumor subclones). It ranges
from 0 to 1, where 0 means the spatial stratification of heterogeneity is not significant and
1 means high significance. There are two concepts when computing a q-value, unit, and
stratum. A unit is the smallest block that contains tumor and/or nontumor cells. A stratum
is a relatively large area that consists of a number of units. The split of strata decides which
type of heterogeneity is revealed by the q-statistic. For example, three types of strata are
illustrated in Fig. 8.5. The q-values computed from the patch, row, and column strata
indicate how heterogeneous the tumor is on blocks, in the vertical and horizontal directions, respectively. The steps to compute a q-statistic of that region are:
1. Divide the tumor region into different strata.
2. Remove strata that are blank or contain a small part of tissue if the ratio of tissue
patches in that stratum is less than a threshold.
3. For each remaining stratum h, compute the stratum variance σ 2h and the stratum size Nh.
4. Compute the variance and size of the whole population, σ 2, N.
5. Compute the q-statistic of each tumor region by
XL
N σ2
h¼1 h h
q¼1
(8.10)
N σ2
After obtaining q-statistic values for all the tumor regions, the q-statistic of the whole
slide image can be calculated by a weighted average of all regions’ q-values according to
the regions’ areas.
There are several diversity indices that can be used for spatial heterogeneity. The
Simpson diversity index [38], introduced by Edward H. Simpson, measures the degree
of concentration when individuals are classified into types [38]. It is defined as
λ¼

R
X

p2i

(8.11)

i¼1

Fig. 8.5 Three types of strata. (A) Patch strata, (B) row strata, (C) column strata. White areas represent
tissue regions of the whole slide image.
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where R is the total number of species and pi is the proportion of individuals belonging to
the ith species. The measure equals the probability that two entities taken at random from
the dataset of interest represent the same type [38]. The lower the value, the higher the
diversity is. Another commonly used index is the Shannon index, proposed by Claude
Shannon to measure the entropy in strings of text [39] and defined as
H0 ¼ 

R
X

pi lnpi

(8.12)

i¼1

The Shannon index measures the uncertainty in predicting the species identity of an
individual that is taken at random from the dataset. A large Shannon index indicates high
uncertainty in prediction, which means high diversity in the dataset; otherwise, it will be
easy to predict the type of species. We can utilize these indices to compute the extent of
spatial heterogeneity using the locations of tumor, lymphocyte, and stroma nuclei within
a local region or for the whole image.
It is also possible to compute the q-statistic and diversity indices for various clones of
tumor cells with the help of immuno-FISH and immunohistochemistry [40, 41], which
can identify the known cancer gene mutation status in tumor cells on the slides, and those
with similar cancer gene mutation status belong to the same subclone.

2.1.2 Intratumor genetic heterogeneity
During the formation of tumors, the driving genetic mutations are associated with the
occurrence of many thousands of somatic genetic alterations [35], resulting in the genetic
diversity of tumor cell populations. The clonal evolution in a branching manner may lead
to clonal diversity as well [35], contributing to genetic heterogeneity within tumors.
We can use some metrics, such as clone numbers and sizes, to quantify the genetic
heterogeneity. Clone numbers and sizes can be inferred using mutation and copy number
data such as the following [36]:
1. Collect the somatic single-nucleotide variant (SNV) and copy number variant (CNV)
data for the same tumors from TCGA.
2. Estimate the cellular prevalence of each SNV in consideration of CNVs and cluster
the cellular prevalence into subpopulations using PyClone [42].
3. The inferred subpopulations are the clones, and the corresponding cellular prevalences are the clone sizes.
With measurements of both spatial and genetic heterogeneity, one can perform some
analyses to explore the relationship between phenotype and genotype (e.g., the spatial
heterogeneity scores and the number of clones). The relationships may help understand
how genetic heterogeneity results in phenotype heterogeneity. Further, multiscale analysis integrating genetic, pathway, and phenotypic heterogeneity will provide
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fundamental insights into “functional” variability within and across cancers, helping to
refine precise approaches to improve the clinical management of cancer patients.

2.2 Tumor-Infiltrating Lymphocytes
Tumor-infiltrating lymphocytes (TILs) are a type of immune cells that have moved from
the bloodstream to a tumor. Because lymphocytes can kill tumor cells, researchers have
explored the relationship between TILs and clinical outcomes and have found that the
presence of high TIL density is associated with better clinical outcomes [43]. In addition,
the spatial statistics of TILs correlate with cancer diagnosis and prognosis [44, 45]. Much
effort have been exerted to correlate TILs with clinical outcomes, but the relationships
between TILs and genetic features have not been well studied. Kochi et al. [46] have
shown that genomic markers are highly associated with TIL levels in breast cancer,
and TIL-associated genomic signatures can predict chemotherapy responses in several
breast cancer subtypes. Therefore, it is meaningful to explore further the correlations
between TILs and genomic features in various types of cancers.
The nuclei segmentation and classification method can automatically extract the
pixels belonging to lymphocytes in a whole slide image with relatively high accuracy.
As a result, we can efficiently compute accurate TIL density/scores instead of evaluating
a rough level of TILs manually in most studies. In addition, we are able to obtain the
spatial maps of TILs, which can be used to generate local and global spatial structures
of lymphocytes or perform hot spot analysis like Ref. [2]. Integrated with genomic features and clinical data, these imaging features can be utilized to find possible genomic
biomarkers potentially informative of novel therapeutic strategies. For example, if some
imaging features about TILs are favorable for survival, genes that are associated with these
features may have similar effects. The integrative analysis also may help us understand the
basic biological principles in gene expressions by finding the TIL and genomics features
that both have similar effects on clinical outcomes.

3. Conclusion
In this chapter, we proposed a framework that jointly segments and classifies the various
types of nuclei from histopathology images. The cross-entropy and perceptual losses are
combined to enhance the segmentation of details in the image. We also use transfer learning to better train the model on a small dataset. Experiments show that our method is able to
achieve good segmentation and fine-grained classification results simultaneously. We then
briefly introduced how to apply the framework to imaging genomics. The segmentation
maps of the various types of nuclei generated by our method can be used to analyze the
nuclear features and their spatial distributions. These imaging features, integrated with
genetic features and clinical outcomes, can be used in analyses of intratumor heterogeneity
and tumor-infiltrating lymphocytes to achieve a better understanding of the genotypephenotype relationship, as well as improving the clinical management of cancer.
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