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Abstract

Similarity preserving hashing finds widespread application in nearest-neighbor search. The widely
used form of similarity preserving hashing is space-partitioning-based hashing. Many space
partitioning-based hashing techniques generate bit codes as hash codes. Although Binary Search
Trees (BSTs) can be used for storing bit codes, their size grows exponentially with code length.
In practice, such a tree turns out to be highly sparse, increasing the miss-rate of nearest neighbor
searches. To tackle sparsity and memory issues of BST, we first developed Compressed BST of
Inverted hash tables (ComBI), a geometrically motivated compression technique for BSTs. ComBI
enables fast and approximate nearest neighbor searches without a significant memory footprint
over BSTs. We show, that approximate search in ComBI is competitive with an exact search
algorithm in retrieving the nearest neighbors in a hamming space. On a database containing ~80
million samples, ComBI yields an average precision of 0.90, at ~4X - ~296X improvements in
run-time across different code lengths when compared to Multi-Index Hashing (MIH), a widely
used exact search method. On a database consisting of 1 billion samples, this value of precision
(0.90) is reached at ~4X - ~19X improvements in run-time. Next, the ComBI has been shown as a
search engine for single-cell RNA sequencing (scRNA-seq) data, and its performance is compared
with the state-of-the-art scRNA-seq search engine method, Cellfishing.jl, which is based on the
MIH. The ComBI outperforms Cellfishing.jl in multiple accounts. The achieved speed-up in the
search is around ~2 - ~13.

We next shift our attention to using similarity preserving hashing to build a classifier. The
learned structure of hashing algorithms is suitable to be combined with a Bayes’ classifier. We
explored the construction of three basic space-partitioning-based hashing algorithms and identified
their pros and cons. This motivated us to build a tree-based hashing classifier. We present
Guided Random Forest (GRAF), a tree-based ensemble hashing classifier that realizes global
partitioning by extending the idea of building oblique decision trees with localized partitioning.
We show that GRAF bridges the gap between decision trees and boosting algorithms. Experiments
indicate that it reduces the generalization error bound. Results on 115 benchmark datasets show
that GRAF yields comparable or better results on a majority of datasets. We also build an
unsupervised version of GRAF, Unsupervised GRAF (uGRAF), to perform guided hashing. The
GRAF fundamentally works by generating more hyperplanes in the region of high data complexity
and this phenomenon is represented by the number of planes required to classify a sample correctly.

This measure can be used for importance sampling. In the next part of the thesis, this direction



is explored to build a data approximator using GRAF. An extensive empirical evaluation with
simulated and UCI datasets was performed to establish the theory. The proposed methodology
is compared with the two state-of-the-art importance sampling algorithms. An analogy between
Support Vector Machine (SVM) and the samples marked by GRAF as of high importance is also
developed.

We then show that the learned neighborhood of a sample can be used to estimate the confusion
around the sample in a scalable manner. We utilized uGRAF and ComBI to estimate the per-
sample classifiability. An empirical evaluation of estimated values is presented. We show how
per-sample classifiability can be used to estimate cancer patient survivability.

Cancer is a disease of the genome. Genomic changes resulting in cancer can be inherited,
brought on by environmental carcinogens, or may result from random replication errors. Mu-
tations continue to spread after the induction of carcinogenicity and significantly change cancer
genomes. Most cancer-related somatic mutations are indistinguishable from germline variants or
other non-cancerous somatic mutations, even though only a small subset of driver mutations have
been identified and characterized thus far. Thus, such overlap makes it difficult to understand
many harmful but unstudied somatic mutations. The main bottleneck results from patient-to-
patient variation in mutational profiles, which makes it challenging to link particular mutations
with a particular disease outcome. This thesis introduces a newly developed method called Con-
tinuous Representation of Codon Switches (CRCS). This deep learning-based approach enables
us to produce numerical vector representations of genetic changes, enabling a variety of machine
learning-based tasks. We show how CRCS can be used in three different ways. First, we show how
it can be used to find cancer-related somatic mutations without matched normal samples. Sec-
ond, the suggested method makes it possible to find and study driver genes. Finally, we created a
numerical representation of mutations by combining a sequence classifier with CRCS. These repre-
sentations are used to score individual mutations in a tumor sample using per-sample classifiability,
which was found to be predictive of patient survival in Bladder Urothelial Carcinoma (BLCA),
Hepatocellular Carcinoma (HCC), and Glioblastoma Multiforme (GBM). Taken together, we pro-
pose CRCS as a valuable computational tool for analysis of the functional significance of individual

cancer mutations.
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SIN

FHIT T R I dTett &f2RT Hfoham &1 Fdea-uekd &l @ier 5 eaTddh TGN e & | SHTT-SRe0r Sfef
aforaTat &1 arfdead ST faeaR-faTe amenfa monferR 3 81T 21 o8 faR-fTor smenRa gfeir yonfer, 2o
FhcTaell o BU H 372 Hehcaet! Jeuel Hcll 5| BTt fGAERT @Iot ger (BST) BT SUANT 3ieT Hehardielall bl Tfed
IR & oty 35T ST ol B, @it S UBHR & gl BT STHR Hbarafelall $HY oiaTs & H1ef dofl ¥ dedl | SR § 0
ger arcfee et Bl 2, R Ficvem-geiftal o Giom 61 aifd-ax 3 gf a1t #1 BST 1 faverar ik i 1
THRIT & GG o oIt 97 IeIc 89 dTfeid o Frdifed Gt @i g& (ComBl) &1 fda¥d 5, St BST &t
ST w5 ¥ URT Sdte daiia 81 ComBl , BST & Iera-1g HIfA yefored & fadr o 3iR ergfad faeam-
TSI T @It 1 H Herd &1 39 Y e H &7 e € Bl 8T IR § ComBI SRT SIHTRT U 1 @Il §Y
ferea g, Feef uSifa &l @Iat < aTett dHar st & wrer afRuelf 81 <amue wu | SHIN 81 atel J2mef
IS i fafed), 98 Gaabid a2 (MIH) BT e § ComBl ~¢ FRIS Hfiesf arel 3ThsTiy § 0.% I 3 TRYE
T TS B Hehamafelall TR T ~8 | ~Q] € AT Mo a1 T UTH IRl &1 9 3RS Uy aTel Twedy H
Ig URYEAT MIH & T 5 ST ~8 | ~9 AT cfieral | UTH &1 STchl 81 $9db 94Td, ComBl &1 Tadh dIfeiat RNA

3THAT (scRNA-seq) & 3Tl GRT AT DINBIAT Dl Wit R dTel WT-I7 & T 5 I a1 T 3R 385
TeH &l JoirT raggfa scRNA-seq @INT-I, Cellfishing.jl & &1 Wit St 6t MIH O 211enRd 81 ComBl &3 @rai 3
Cellfishing.jl & J&R UG FRAT & 3R 30 @I & I H T ~2 I ~9 3 AT H e ot 77H o 2

TP TYT &5 37U €T THTACT TRET0T R dTetl Bf2RT fAT3N T SUANT exep Uep affeh T faepfad e § &ed &
39 UBR & affeaian & Fmfor & forg 2feRT e fafSan gry Hiet it a1 391" afffaaten (bayes’ classifier) &

T2 Y B H SHANT I ST el 81 T MY Tae F &9 <= e faear-faare smenfa 2fei aer fafert &t
SYANT b Afiepaialt &1 AT farar ofR I i iR Sremet ot fasiwur f3am 21 J8 ferwor &5 Ueb gar amenRa afem
effertt o fmifor & oty IRT aa 81 I8 oy Uae gat Smenia THad ofeiT affaal ol SeRg o & O Ariefea
3N aificrd! (GRAF) & A | THaITe fahdT STl 81 GRAF U WRIgf fIvToi daids & STl gef Srenmid
ffenvont ot femifor ardfaes faTomi & MR U axclt 81 39 Ui 3 o T fvmT &7 g: affanur A1 fqrert
& IMMYR U BT & I Y G adbriient | o1 81 89 T8 off i@ § h GRAF, 077 g&1 (decision tree) 3R a¢ @ett
faferan (ensemble algorithms) & HeaeR ot quf FRaT &1 TRV § I Tohel ft fYerar & f5 GRAF m=fiasur st
& T DY off T FRAT 81 99Y AUCS 3MHST T b IRUTT 3G & 6t GRAF 31faiaR andret gl U Il aRumy
T 81 39 My vey § PRI GRAF (UGRAF) @t off faasfRie fasam mam 81 Hifdis S I GRAF S91 3fidhsT Sifeet &8
Y 3ffde ST Il HRAT & 3R 3H HeT Bl U e Bl Y& B F TP P o oIy SIS FHcall Dl T
SR ST AT &1 $H A9 T IYANT Aeeqqui Hfcreet & o o fol {5 ST HendT &1 39 Ufsha ol SUIRT 37dheT Tie! &
Hferepe o foly it fham ST HevelT 81 39 G ®I Tfid & & foly M 3R UCH 3fidsi T8l & A1 U TIH
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SIS i fanaT T 8| TR RivvTTett Y g g fid Hecagut ufiee & ga7 e areft dert ey |
6 At 81 3T My yeY 7 91 Afdeyr ufdesf (SVs) 3R GRAF & gRT fafRa Hecayut nfcest & 7ed Ua e +ff Tenfia
EAR DR

$E 94Tq &9 T € 1 ufdiest & TR §T TSI Bl IUANT Ueb U1 Rich F SHb URaer H 9 b1 AN o &
foig foparm ST 21 wfdl-nifdieel aeffenofiera &1 SFgAT @ & ol &5 UGRAF 3R ComBlI &1 SUNT fohalT| ST+
Tl BT U ST Jedid T fohaT T 21 89 foxard & fob &y wf-mifieef anffensor e ot SuinT avdh 1t Y
SRS BT AT M & felg o ST Febert 21

T T T FAI BT R & | Foiie & SeqRact fords IRy ads I 81 el & I8 faRTee 5 UTH 35 i
bl &, YATaRvIg dcal 3 Afemfed T ST Hend & a1 ATgfosd Uil Ieal & URUTFRaay 8l HandT &l
HIRFOHIAE (carcinogenicity) & U9 89 & S18 ScaRacie ShefdT Y&dT & 31R &b Tl 5 IS elTd 31T &
AR e AT Traeft Sfdep IcaRec, S a1 Graell IcuRad= a1 3y iR-fed IcaRaeT & arfader 8 &1 31T
T et U BIC A IR IUTIT BT fIIT0T {51 17 81 ITURGTT T TRANTTAT HATIT ST Bfo 3R
Hfe BRI &1 ARG T o M b Heg icafee =i I8 T I 3R T Prall 5 1R AT ey
IR Pl TEaTT 3R Gt Bl Sl &1 FRelq I8 IR BTHPRD IcaRact 37 +ff eI 81 I8 N Jael Wh
Tft fafer i o™ 1 Fad ufdfAfeca (CRCS) &1 uR@d <dT 81 T8 SU-aAf+1T (Deep learning) 3TERA gfeeamror
TS NI P HEATHSD el FHTEE BT IeUTe PR H HaM -1 8| I8 e & fafis geR & 7ef=
AT (machine learning) 3TETRT BT BT 3R P FeT FTCT &1 &7 oA & {6 9 CRCS &1 cfi¥ STerT-31elT aia
3 ST AT ST HadlT &1 I Uget 89 I8 @I & Pl CRCS Tabriich T SUART Iueh Tepfcreer Tfdiast dr srgufera
4 Sfeen SCUREc! &l UgaT e | b 511 el 1 SERT, T 1 TS IS 1eTdh ST bl TIoHT 1R ST ez
AT HG S 21 3 H, 7 CRCS & 12 U A TR Dl SR IARTH! T Tep HEATHD AfiTeed
ST A wfAfAfert &1 SuanT ufa ufest & cafthrd IcuRacEl & afdet # 5T ST HaheT 81 I8 fTdher sote”
RIS PIRAMT (BLCA), SUCRIGeR BIAMT (HCC), 3R FeRieaRe ™1 At (GBM) & 3T & Sita
TR BT YafgHT SR H He 0TI §eU H, 87 CRCS ®I IfhId &d A & IARTTH] Bl BRI Haed & arwor
& Tl U FeardT STfHeer1a ISP &b Y H HRATII Bl &
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ming tree can be employed to convert the sketching technique into a classification.
The bins from the sketching technique can be interpreted with the weighted average
of exponential decay. The binary hash can be associated with a hamming tree for
nearest neighbor search, and exponential decay can be employed to interpret bins.
Qualitative comparison of hashing classifiers. Among the three example
classifier, the binary hash-based hashing classifier has the most desired properties.
Sketching-based hashing classifier is at the second. Projection-based hashing clas-

sifier is the most undesirable. . . . . . . . . . . ...

An overview of the creation of high variance instances in GRAF. Every
instance consists of sub-spacing the dataset in a uniformly sampled feature space.
A random hyperplane is generated for the sub-spaced samples. It assigns a bit
0/1 to every sample. A pure (impure) region is a region containing all (some)
samples of the same class. Amongst these regions, the most impure region affects
the generation of the next hyperplane. This hyperplane is extended to the other
region as well, if it improves the purity of subsequent regions in that space. This
generation of hyperplanes is continued until all regions are maximally purified. At
an intermediate stage, regions are either pure or impure. To increase the confidence
of classification, the above process is repeated to create L high variance instances.
The division of space in GRAF is represented by a tree. A region containing
a subset of samples is defined by its unique combination of hyperplanes. However,
these hyperplanes may affect the formation of other regions. The process terminates
once space is maximally divided such that the impurity in any region cannot be
reduced any further. Every resultant region corresponds to a leaf node in the tree,
represented by a dot in the figure. (A triangle denotes an impure region that may

be dichotomized further.) . . . ... . ... . .. L
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4.3

4.4

4.5

4.6

4.7

4.8

A heuristic for faster run-time of GRAF. The perpendicular distance of the
mean point from plane A (d1) is greater than Radius of Influence (ROI). Hence,
Plane A does not dichotomize the region. The perpendicular distance of the mean
point from plane B (d2) is less than ROI. Hence, plane B may dichotomize the
region. If the perpendicular distance is equal to ROI, it is considered as not di-
chotomized. . . . . . . . .
The performances and model size comparison of methods on simulated
binary and multiclass examples with high concept complexity. The high
concept complexity means that all the features are independent of each other. The
number of features varies from 3 to 15. A, B) For both binary and multiclass exam-
ples, GRAF has the highest values of Cohen’s kappa coefficients, closely followed by
Oblique Tree (OT). C, D) However, for similar performance measures, the overall
model size of OT is much higher when compared with GRAF. . . . . . . ... ...
The performances and model size comparison of methods on simulated
binary and multiclass examples with low concept complexity.. The low
concept complexity means that only a few features are relevant and independent.
The number of features varies from 3 to 15. A, B) For both binary and multiclass
examples. In these settings performances of all methods are comparable. C, D)
The trend in the model size is the same as the high concept complexity datasets.

The run-time complexity analysis of high concept complexity datasets.
The training and testing time of different methods is compared on a simulated
dataset. A, B) GRAF’s GPU implementation significantly reduces the training
time for both binary and multiclass examples. C, D) GRAF’s testing time is
comparable with other methods. . . . . . . . .. .. ... ... L.
The run-time complexity analysis of low concept complexity datasets.
The training and testing times of different methods are compared on a simulated
dataset projected by using a random matrix. A, B) The GPU implementation
of GRAF significantly reduces its training time for both binary and multiclass
examples. C, D) The testing time of GRAF is comparable with other methods.

Bias-variance analysis with an increasing number of estimators (trees)
in a classifier. For both binary A - C) and multi-class D - F) datasets with
10 centroids, the number of estimators is increased from 2 to 150, while fixing the
number of dimensions to be sampled (M = n/2). As the number of estimators is

increased, bias, error, and variance rapidly saturate. . . . ... .. ... ... ...
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4.9

4.10

4.11

Bias-variance analysis with an increasing number of dimensions (fea-
tures) selected from a given feature space in a classifier. For both binary
A - C) and multi-class D - F) datasets with 10 centroids, M is increased from
2 to 10, while fixing the number of estimators to be assembled (L = 100). For
GRAF, when the dimension of the sub-space is large enough to distinguish sam-
ples of different classes, bias and variance saturate and converge to their minimum.
With increasing dimensionality of the sub-space, misclassification error continues
to decrease and rapidly saturates to its minimum.. . . . . . . ... ... ... L.
Bias-variance analysis with increasing samples in a training set. For both
binary A - C) and multi-class D - F) datasets with 10 centroids, the number
of samples is increased from 200 to 2500, while fixing the number of dimensions
to be sampled (M = n/2) and the number of estimators as L = 100. As the
cardinality of the training set is increased, bias-variance continues to decrease, and
the misclassification error continues to decrease and may saturate to its minimum.
One-sided paired Wilcoxon signed-rank test on Cohen’s kappa score.
Each method is paired with every other method, and p-value was computed for
the null hypothesis ’left method = right method’. Null hypothesis is rejected in
favour of hypothesis "left method > right method’, if the corrected p-value is below
a certain significance level. The method on the left side (of comparison) is placed
on the x-axis, and the method on the right side is placed on the y-axis. Each cell
represents the corrected p-value. Hence, every column represents the significance
of the kappa score for a method when compared with other methods. Suppose the
corrected p-value is less than a certain significance level in a cell. In that case,
the null hypothesis is rejected, and the method on the x-axis will be assumed to
perform better than the corresponding method on the y-axis. The numerals in the

x-axis represent the average Friedman ranking of the method. . . . . . . . ... ..
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5.1

5.2

5.3

5.4

5.5

Assessment of performance of GRAFS sensitivity on simulated binary
and multi-class datasets. A, B, and E) represent simulated datasets with bi-
nary classes. B, D, and F) represent simulated multi-class datasets. The classes
are arranged in different patterns, concentric circles, pie-charts, and XOR. repre-
sentations, in A-B), C-D), and E-F), respectively. For each of these datasets,
the distribution of sensitivities computed using GRAF has been shown in column
Sensitivity. A point with higher sensitivity indicates that it is more important for
data approximation. The other columns U25%, P25%, and S25%, compare the
performances of data approximation using only 25% of the total samples, sampled
using a uniform distribution, distribution defined by GRAF$ sensitivity, and the
points with the highest values of sensitivities, respectively. The regions with the
most confusion are best approximated using points with the highest sensitivities.

Performance evaluation of Random Forest (RF) and GRAF, with increas-
ing fraction of samples used for training, sampled according to uniform distribution
(U), their sensitivities (P), and their decreasing order of sensitivities (S). The points
sampled using a distribution defined by their sensitivities perform comparable or
better when compared with points sampled using a uniform distribution. Also, as
points are added in the decreasing order of their sensitivities, the accuracy on the
test set converges and reaches its maximum with only a fraction of points with high
sensitivities. The trends in results are similar, irrespective of the method used for
classification. . . . . . . ...
An analogy between support vectors and points with high sensitivities.
The distribution of probabilities (5.4) associated with support vectors has been
compared with that of a fraction of points with high sensitivities, and the distribu-
tion of probabilities is associated with all points. It can be concluded that points
with higher sensitivities coincide with the support vectors with higher values of
weights. . . . . . e
Convergence of sensitivity values. Change in sensitivity score almost reaches
0 as the number of hyperplanes increases. . . . . . . ... . ... .. .. ......
Per-sample classifiability on simulated dataset As expected the samples near
the decision boundary have lower classifiability while the inner sample has higher

classifiability. . . . . . . . . .
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6.1

6.2

6.3

6.4

Variant distribution in COSMIC data (v89). Single base substitutions are
the most frequent type of mutations in the database. While the complex mutations
are the rarer ones. . . . . . ..o
Filtering criteria to handle computation overhead. A) mRNAs whose switch
sequences were < 1500 long were kept for the analysis. B) Genes that have > 200
mutations were kept for analysis. . . . . . . . . ... ...
An overview of learning Continuous Representation of Codon Switches
(CRCS). A)The procedures include two steps: i) choosing variants that are lo-
cated in exon regions; and (ii) creating the codon switch sequence. A codon switch
is described as a directional pair of codons that includes an alternative codon (a
sequence derived from an interest genome) and a reference codon (a sequence de-
rived from the reference genome). Included is a toy example that shows how to
build codon switch sequences. A codon switch sequence’s index in the codon switch
dictionary is indicated by the number next to it. B) A center codon switch is se-
lected probabilistically. Two types of tuples are built for the chosen center codon
switch. Tuples belonging to a center codon switch’s context window are marked
with a 1; a few codon switches from outside the context are also selected; their
tuples are marked with a 0; C) A classifier is trained to classify these tuples. Input
layer weights of this network behave as codon switch embeddings. D) tSNE plot
of learned embeddings. E) Distribution of different codon switches on the tSNE
plots. Interestingly, similar codon switches tend to cluster far from opposite codon

switches (G > Aand A > G, G>T and T >G, A>Cand C > A, C > T and

CRCS embeddings reveals exclusive nature of chromosomes. A) tSNE
projections of the embeddings learned independently for all the chromosomes. The
embeddings are clearly segregated, indicating heterogeneity in nucleotide sequence
patterns. B) Spearman correlation of unigram frequencies across chromosomes.
Chromosomes are found to give rise to some tight clusters. C) Spearman correlation
of bigram frequencies in chromosomes. D) Chromosomes are described as trigrams.

Chromosomal similarities fade away with an increase in the sequence length.
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6.5

6.6

6.7

Classification of cancerous and non-cancerous variants. A) Deep learning
architecture, used for CRCS-based classification of ExAC/COSMIC variants. B)
Precision-Recall (PR) curve for the BLAC after 200 epochs. The red and green
curves indicate the performance of SIFT and Polyphen2, respectively. Valida-
tion performances were measured on fake alteration classes, constructed by ran-
domly splitting cancer /non-cancer alterations into two equal-size groups. The black
dashed line represents the performance of the fake test set created from COSMIC
data. Similarly, the blue dashed line is for ExAC data. Both PR curves thus ob-
tained, as expected, collapsed on the 0.5 precision line. C) Boxplots depict the
distribution of prediction scores (probability of being a cancer alteration), assigned
to the ExAC and COSMIC alterations, in the validation set (across all folds). D)
Similar trends are observed for non-pathogenic dbSNP alterations and mutations
found in cancer patients from Met and cBioPortal. Scores on these datasets were
predicted using the model trained on the full dataset. . . . . ... ... ... ...
Evaluation of model trained on chromosome X against chromosome 22.
As expected, model performance deteriorated. This reduction in performance is due
to the fact that the nucleotide distribution in a chromosome is different. Thus a
model trained on one chromosome can not be used on the other chromosome without
re-training/fine-tuning. Also, the complexity of every chromosome is different, thus
same deep learning architecture may not suitable for other chromosomes. . . . . .
Performance comparison of BLAC scores with other deep learning ar-
chitectures. A) Precision-Recall plot of the predictions obtained from the model
trained with CRCS embeddings and dna2vec embeddings. B) Comparison of the
distribution of scores obtained from the model. dna2vec does not have any dis-
criminating power (Mann-Whitney U-test P-value = 1). C) Precision-Recall plot
of the predictions obtained from other deep learning models, DanQ, DeepSea, and
HeartENN. Compared to our proposed model trained with CRCS, other models
have inferior performance. D) Comparison of the distribution of scores obtained
by models. DanQ does not have any discriminating power (Mann-Whitney U-test
P-value = 1). Other models have a different distribution of scores on ExAC and
COSMIC. Mann-Whitney U-test P-value for DeepSea and HeartENN is 2.7 x 10720
and 9.08 x 107 respectively. Our model with CRCS has the most differentiating

power (Mann-Whitney P-value is almost near 0). . . . . .. .. ... ... .....
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6.8

6.9

6.10

Driver gene analysis and exploration. A) Boxplots show the distribution of
prediction scores assigned to ExAC and COSMIC alterations for the known driver
genes from the validation set (across all folds). In the figure, 5 stars represent a

P-value less than 5e~1°,

Values in the range [5e=1° 5¢712) are represented by 4
stars. Similarly, values in the range of [5e 12, 5¢7%), [5e7?,5¢7%), and [5e =%, 5e2)
are represented by 3, 2, and 1 stars, respectively. B) Heatmap shows the genes
(in black) that have been marked significant most frequently, across cancer types.
For a given cancer type in cBioPortal, a gene was marked significant if the BLAC
scores of the reported mutations were significantly elevated as compared dbSNP
variants. The colors in the top row show the organ of cancer. Gene marked with
are known driver genes. C) Heatmap depicting the cluster-wise enrichment of the
prominent biological functions in the indicated cancer types. Of note, the selected
cancer types harbored a number of mutational genes identified using the CRCS-
based approach. Cancer types that displayed significantly divergent risk groups
include Skin Cutaneous Melanoma (SKCM), Lung Adenocarcinoma (LUAD), and
Undifferentiated Endometrial Carcinoma (UEC). The scale bar represents the neg-
atively log-transformed (base 10) P-values. . . . . . .. ... ... ... ......
BLAC score distribution of remaining driver genes. Boxplots show the
distribution of the prediction scores assigned to ExAC and COSMIC alterations for
the remaining known driver genes from the validation set (across all folds), except
the top 10. Top 10 values are present in Figure 6.8. Stars have the same meaning
asin Figure 6.8. . . . . . . . L
Heatmap depicting the cluster-wise enrichment of the prominent bio-
logical functions in the indicated cancer types. Of note, the selected can-
cer types harbored the number of mutational genes identified using BLAC. Cancer
types include Skin Cutaneous Melanoma (SKCM), Lung Adenocarcinoma (LUAD),
Undifferentiated Endometrial Carcinoma (UEC), Lung Squamous Cell Carcinoma
(LUSC), Head-Neck Squamous Cell Carcinoma (HNSC), Urothelial Bladder Carci-
noma (BLCA), and Non-small-cell Lung Carcinoma (NSCLC). The scale bar rep-

resents the negatively log-transformed (base 10) P-values. . . . . . . ... ... ..
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6.11

6.12

7.1

Overview of survivability analysis using classifiability. On the combined
dataset of dbSNP and COSMIC, attention vectors were extracted from the BLAC
network. These scores are used for classifiability computation. Then groups per-
taining to COSMIC were extracted along with their classifiability score and used
for survivability analysis. . . . . . . . . . ...
Survival risk stratification based on classifiability. Patients with lower aver-
age BLAC scores in Bladder Urothelial Carcinoma (BLCA), a subtype of bladder
cancer, has better survival. Similar trends are also visible in Hepatocellular Carci-
noma (HCC), a subtype of brain cancer, and Glioblastoma Multiforme (GBM), a

subtype of lung cancer. . . . . . . . . ... e

Extended codon switch dictionary. The strategy presented here facilitates the
representation of any kind of mutation via these elements. Since switches are con-
structed on a codon, only three types of substitutions are considered: i) Single base
substitution. ii) Double base substitution. iii) Triple base substitution. With the

introduction of $, the representation can handle insertions, deletions, and complex
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