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I am a computer scientist with more than two years of postdoctoral research experience in computational biology,
genomics, and bioinformatics. My Ph.D. is in machine learning (ML) with emphasis on high dimensional statistics.
During the last two years of graduate school, I was fighting Acute Myeloid Leukemia (AML) which motivated me
to change direction from ML theory and made me personally invested in biology and health research. I joined the
Mathematical Biosciences Institute (MBI) of The Ohio State University (OSU), which prepared me for working at the
intersection of computational sciences and biology. I have been developing methods in high-dimensional statistics, graphical models, causal inference, outlier detection, and submodular function optimization areas to
address problems in gene regulation, high throughput drug screening, drug sensitivity analysis, tumorigenesis modeling, and social network analysis. During my Ph.D., apart from my advisor Prof. Banerjee, I worked
with Profs. Sapiro and Zhang and collaborated with a group of scientists at Stanford Research Institute (SRI). All
of these collaborations resulted in articles published in prominent computer science conferences. While being a
postdoctoral fellow at MBI working with my mentor Prof. Coombes, I have been collaborating with oncologists and
cancer biology and genetics researchers at the OSU Comprehensive Cancer Center (OSUCCC)- James, such as Drs.
Sampath, Toland, and Hertlein. In addition, I have ongoing collaborations with faculty in the Statistics Department
Profs. Chkrebtii, Huling, Kurtek, and Paul on various projects. Outcomes of some of my postdoc projects have
already been published or submitted and the rest are being prepared for submission.

1
1.1

Completed Research
Social Network Analysis

I worked on social network analysis during my M.Sc. and early years of my Ph.D. training. Specifically, I have
investigated the “influence maximization” problem1, 2 and sentiment analysis.3 In influence maximization, the goal
is to increase the probability of success of an advertising campaign by effectively utilizing the word-of-mouth. The
objective is to select the most influential nodes from the customers-network for targeted advertisements. I have
studied influence maximization under both progressive1 and non-progressive2 influence propagation models. I have
also worked on Twitter sentiment analysis where the goal is to extract the positive, negative, or neutral sentiments.3

1.2

High Dimensional Prediction and Inference

The goal of high-dimensional statistics is to perform inference in problems where the number of samples n is much
smaller than the dimension p, i.e., measured features. My Ph.D. thesis focused on developing statistically sound algorithms for high dimensional regression problems.4–6 I have designed and implemented an algorithm to consistently
estimate the linear model parameter for noisy high dimensional data sets, i.e., estimation for the error-in-variables
model.6 In another project, I studied multi-task learning4, 5 where we have G linked high-dimensional regression problems that have similarities and differences. In the data sharing framework, samples of the G groups are
modeled by a shared parameter β0 plus a per-group individual parameter βg , Fig. 1. I proposed the following estimator:
T
β̂ = (β̂0T , . . . , β̂G
) ∈ argmin

𝟏

β0 ,...,βG

G
1X
kyg − Xg (β0 + βg )k22 ,
n g=1

(1)

s.t. ∀g ∈ [G] ∪ {0} : fg (βg ) ≤ fg (βg∗ ),

where fg s are arbitrary structure-inducing convex functions, e.g.,
l1 -norm for sparse βg s. I provided sample complexity, estimation
error bounds, and convergence rate analysis for (1). The corresponding theory paper has been presented in a workshop5 and the
longer version is under review in the SIAM Journal on Mathematics
𝑮
of Data Science.7 I also initiated a collaborative project between
𝟎
Profs. Banerjee and Coombes where the goal was to use (1) in
the anti-cancer drug-response prediction where the G groups are
Figure 1: A conceptual illustration of data sharing model
for learning representation of cat species. The common different cancer (sub)types. I applied (1) to the Cancer Cell Line
8
parameter β0 captures a generic cat which consists of Encyclopedia dataset, and presented the findings in two medical
shared features among all cats.
conferences.9, 10 The paper is available on arXiv.4
𝟐

1.3

Data Science – General

I have been active in other areas of computer and data science. We have recently published a tutorial on the
applications of statistical shape analysis in biology.11 The tutorial begins with differential and Riemannian geometry
and builds up to recent tools in elastic shape analysis. I have also worked on the problem of malware domain
detection, where the goal is to identify malware from a sequence of DNS requests using recurrent neural networks.12
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Ongoing Research: ML Applications in Biology and Medicine
Quantifying the Role of Transcription Factors and MicroRNAs in Transcription

The amount of control that Transcription Factors (TFs) and microRNAs (miRs) exert on transcription is not quantified
yet. In a series of papers, I investigated the amount of control of TFs and miRs on transcription using the TCGA
dataset.13 First, using Thresher,14 the feature extraction technique that was developed in the Coombes lab, we
extracted 30 biologically interpretable clusters of TFs and showed that they can distinguish normal samples from
cancerous ones and also cancer types from each other, Fig.2a.15 Then, we showed that the 21 miRs extracted by
Thresher are sufficient to explain 31% of gene expression variability across tissues.16 Finally, we showed that the
combination of 51 regulatory components (RCs; selected miRs and TFs) can explain more than 50% variability of
gene expression, Fig. 2b.17 Analysis of genes that are well-explained by TFs or miRs and those that are poorly
explained by both provide interesting biological insights regarding the similarities and differences of pathways that
are controlled by each one of the RCs, Fig.2c. Future directions of this work are explained in Section 3.

2.2

Cancer Combination Drug Screening

Combination therapy utilizes more than one drug to treat disease and is at the frontier of oncology.18 For a wisely
selected combination, the hope is to get the same efficacy of monotherapies with less toxicity and side effects.
Also, combination therapy can attack multiple pathways of cancer and therefore overcome resistance induced by
sub-clones.19 Finally, combining already approved drugs (by the FDA) is a more cost-effective way of advancing
cancer treatment. However, the search space of all combinations is huge (O(n2 ) for a two-drugs combination out of n
approved drugs). This level of complexity is one of the primary impediments to the advance of combination therapy
in oncology. To test the effect of combination therapy, first, we select two promising drugs based on their chemical
properties. Then, we perform a grid search to find the most effective concentrations of the drugs by combining them
in m various doses, which results in m2 combinations.20 This experiment is called a full synergy experiment.
In collaboration with leukemia researchers of the OSUCC, I have developed a novel pipeline in which by performing
only a single test we can determine if the combination is promising and worth moving forward with the full synergy
experiment.21 This approach allows us to search for effective combination therapies in a data-driven manner
and combine many drugs and expand our search landscape. I have designed and implemented a pipeline for
outlier detection, batch effect removal, and synergy finding from scratch since none of the existing synergy scoring
methods work in the single-dose regime. Two papers are under preparation based on this project.
Future Direction. In an ongoing collaboration, I am extending this framework to analyze the data of the follow-up full
synergy experiments and find the minimum effective doses. To compare the efficacy of various drug combinations, I
proposed a new measure based on IC50 level set, which is the contour line of all concentrations that kill half of the
cells. To estimate the IC50 level set, I propose to use additive isotonic model (AIM) y = f1 (x1 ) + f2 (x2 ) +  where y is
the efficacy of combination and fi s are monotone univariate functions corresponding to each drug. Since increasing
the concentration of each drug should not decrease efficacy, a linear combination of monotonic functions is a proper
model for such a surface. AIM can be solved for fi s using cyclic pooled adjacent violators algorithm.22
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Fig. 3 Plot of the non-linear t-SNE map of samples from 29-dimensional principal component space into two dimensions. Colors are the same as in
the legend shown in Fig. 2. Primary tumors are plotted with an open circle, metastases with a hollow triangle, and normal samples with an asterisk

(a)

5 However, all the normal lung samples cluster
together.
6 Even though one type of primary kidney cancer
(KICH, far right) is very unlike the other two types
(KIRC and KIRP, to the upper right), their normal
samples cluster together.
7 There are clearly two very different subtypes of
esophogeal cancer (ESCA). One clusters with the
stomach cancers (STAD; bottom center) while the
other clusters with the head-and-neck cancers
(HNSC; center).
8 Most of the time, we can tell normal samples from
primary tumors. In addition to the lung, kidney, and
colorectal cancers that we have already mentioned,
we can also separate subclusters of normal samples
for thyroid (THCA; upper left), liver (LIHC, top
center), prostate (PRAD, right), and breast (BRCA,
lower right).
9 Breast cancer is also interesting, in that there are
clearly at least two well-separated subtypes of breast
cancer. The smaller set consists of triple negative
breast cancer cases.
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Figure 2: (a) Plot of the non-linear t-SNE map of TCGA samples resulted from 30 biological components derived from 486 transcription factors
In addition to the fact that linear projections in PCA may
not reveal the full extent of the separation of subtypes
in high-dimensional spaces, the components themselves

are difficult to interpret biologically. Whenever we use
by Thresher produced
a clear separation between most TCGA cancer types and also normal cases.15 (b) Distribution of the percentage of
genes to cluster samples, the individual PCs are comprised of weighted linear combinations of genes. These
combinations
are chosen to maximize
the percentage of
the variance of mRNA
expression
explained
(R2 ) by the 51 regulatory components on an independent test set for ∼20,000 genes.17 (c) Gene
variance explained and to satisfy the mathematically desirable property of orthogonality. In situations where
2 many
different biological processes
may be at work,
enrichment for well-explained
genes
(Rhowever,
> 0.8). P-values are calculated by a false discovery rate (FDR) correction (Benjamini-Hochberg). NS
each PC often turns out to combine the effects of multiple

processes. 17
indicates non-significant.
To address this problem, we applied a new method,

Thresher, that we recently developed [19]. The Thresher
algorithm has three steps:
1 Use the PCDimension package [22] to determine
the number D of significant principal components.
Then we can view each gene (or transcription factor)
as a vector of weights in the principal component
space of dimension D.
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Inference of Cancer Progression Network: Learning Structure of Bayesian Networks

Cancer is an evolutionary process that can be modeled as a sequence of fixation
Basic DBN
of genetic alterations throughout the tumor cell population.23, 24 Each new driver
alteration confers a selective growth advantage to the cell and sweeps through the
population, which results in clonal expansion.25 But the order in which accumulating
N
alterations fixate in tumors is not arbitrary. This observation leads to the first model
of tumorigenesis of colon cancer as a chain of aberrations.26 Inferring the order
𝑋
𝑋
of alterations has been shown to have diagnostic and prognostic importance23, 24
but is challenging because we often have a single observation from the tumor at
the time of diagnosis. Chain progression models have been extended to trees,27
𝑋
mixture of trees,28, 29 and Directed Acyclic Graphs30, 31 (DAGs). Bayesian networks
(BN), which are DAGs equipped with a joint probability distribution,32 lend themselves
𝑋 𝑋 ℙ(𝑋 = 1|𝑋 , 𝑋 )
naturally to such models. Perhaps the most famous BN model of cancer progression
0 0
0
0 1
𝜃
is Conjunctive Bayesian Network (CBN)30, 31 where the assumption is that all parent
1 0
𝜃
alterations must be present in order for a child aberration to occur.
1
1
𝜃
The assumption of CBNs is restrictive because a single advantageous hit is usually
25
enough for progression. I proposed the Disjunctive Bayesian Network (DBN)
in which each alteration can occur if at least one of its parents has happened Figure 3: The basic DBN model
before, Fig. 3. DBN generalizes CBN and therefore has a larger search space but we where the progression starts from
normal
N, and
=state,
1,0,1
] =moves
𝜃 1 to−accu𝜃 𝜃
have designed a scalable algorithm to infer DBN. Last summer, I mentored two math ℙ[𝑋
mulate
X
alterations
according
to
i
undergraduate students (with Prof. Chkrebtii) and implemented this algorithm. We ℙ[𝑋 = 0,0,1 ] = 0
34
the
probabilistic
OR
rule.
The
table
are finalizing a methodological paper which is my first paper as senior author. We
are writing another paper on our specific findings for the progression of melanoma. shows the progression rule for the
Future Directions. Exploring the relation of DBN with population genetic models node X3 . The goal is to learn both
of cancer,36 inference in the continuous-time version of DBN,37 explicit modeling of network and the node parameters
mutual exclusivity of alterations in pathways for DBN,38 and using causal discovery θi s from cross-sectional data.
methods39 for progression network inference are among the future directions of this work. These are all suitable
projects for graduate and senior undergraduate students.

3

Future Directions

In addition to immediate future directions mentioned before, here, I will elaborate on my longer-term research goals.

3.1

Improving Prediction of Gene Expression Profile from Regulatory Molecules

This topic is a future direction of Section 2.1.

𝑝

𝐱

miRs

𝑑

TFs

𝑟

𝜷∗ 𝜷 ∗

3.1.1 Tissue-specific Modeling
Extracted miRs
Feature Extraction
We have shown that the Regulatory Molecules (TFs +
RMs
RCs
Thresher
miRs = RM) explain a large amount of transcriptome variExtracted TFs
𝑚×𝑝
ation and expect the rest to be explained by factors such
𝑝
𝐱
as methylation and histone modification. Remodeling the
𝐱
methylome and histones are hallmarks of development
40, 41
and cell differentiation.
Therefore, one would expect
that parts of these signals are captured by the tissue
type. I hypothesize that considering tissue type in
prediction will increase the accuracy. I will consider
𝐱
three ways of incorporating the tissue type. First, I will
𝑛
treat it as a categorical variable in the regression. Next, Figure 4: Extracting RCs from RMs by Thresher and formulating the
I will perform the prediction in each tissue separately. multi-response regression problem where the goal is to predict the rest
Finally, I will use the data sharing framework (1).
of mRNA expressions yi using extracted features, RCs, by learning β ∗
under the assumption  ∼ N (0, Σ∗ ).
3.1.2 Multi-response Regression
A naive approach treats the prediction of each of the ∼ 20, 000 genes as an independent task. I hypothesize
that learning the correlation structure of tasks will improve accuracy and I propose a variant of the multiresponse prediction to do so.42–44 Consider a multi-response model with m outputs, yi = Xi β ∗ + ,  ∼ N (0, Σ∗ )
where yi ∈ Rm is the response vector (expression of ∼ 20, 000 genes for the ith sample), Xi ∈ Rm×pm contains
the RC feature vector xi replicated on diagonal, and i ∈ Rm is noise, Fig. 4. Each response has a specific
∗ 43
parameter βi∗ which are stacked into one “long” vector β ∗ = (β1∗ , . . . , βm
). Both Σ∗ and β ∗ should be estimated
mRNAs

𝑚

𝜷∗

𝜷∗
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by maximum likelihood estimation which is non-trivial because the number of outputs is more than the number of
samples (m > n) and Σ̂ is rank deficient. I assume that the precision matrix Ω = Σ−1 is s-sparse, i.e., outputs
have limited interactions.46–49 I propose the following alternate minimization estimator to boost the prediction
accuracy by simultaneously learning parameters β ∗ and the relation of outputs Σ∗ :
β̂t ∈ argmin
β∈Rp

n
1
1X
2
(yi − Xi β)k22 ,
kΩ̂(t−1)
n i=1

(2)

Ω̂t ∈ argmin − log |Ω| + tr(Ŝt Ω) + λkΩk1 ,
Ω<0

where Ŝt is the empirical covariance matrix. I will explore response envelopes52 as an alternative approach.

3.2

Causal Effect Estimation of Regulatory Molecules

Associations do not necessarily lead to actionable knowledge about the biological mechanisms whereas significant
causal effects will. Causal inference will play a major role in data science and biology as we move from observational
studies to large scale experimental studies such as gene perturbation. In particular, it has a tremendous potential
to explain gene regulation mechanisms, which is a key link in the translation chain from genotypes to phenotypes.
Motivated by the importance of causality in biology and genomics, in the summer of 2018 I started to examine the
causal inference literature by attending conferences and talking to OSU’s experts in the field. I have initiated and am
organizing a weekly causality reading group with faculty of Computer Science and Statistics Departments
where we discuss recent papers. Here, I will discuss a few directions that I am interested in and working on.
3.2.1

Invariant Causal Prediction: Inferring Gene Regulation from the Cancer Genome

𝑿𝟑 ← 𝒇𝑿𝟑 𝒀, 𝝐𝑿𝟑

𝒗

It is infeasible to measure the causal effect of all RMs by perturbation
𝑋
𝑋
experiments such as TF knockdown54 and miR transfection.55 Due to
various aberrations, cancer cells can serve as a natural experiment from
𝒀 ← 𝒇 𝒚 𝑿 𝟐 , 𝑿 𝟒 , 𝝐𝒚
𝒀 ← 𝒇 𝒚 𝑿 𝟐 , 𝑿 𝟒 , 𝝐𝒚
which the causal effect of RMs can be estimated. To infer the causal
𝑌
𝑌
effect of RMs, I propose to apply Invariant Causal Prediction53 (ICP)
𝑋
𝑋
𝑋
𝑋
56
57
to TCGA and GTEx data. ICP argues that the set of direct causes
𝐝𝐨
𝑿𝟒 ← 𝒖
𝑋
𝑋
can predict the outcome across different environments with invariant accuracy.53 Environments can be created by precise experimental design Figure 5: Example of observational (left)
(e.g., gene knockdowns) or generated by unknown and uncontrolled in- and interventional/experimental (right) distributerventions, Figure 5. Given different environments, one can collect all tions.53 Mechanism fy (·) that generates Y from
models that show prediction invariance and the true causal model will be a its causes remains invariant.
member of this set with high probability.58 ICP can leverage multiple heterogeneous data sets such as normal vs.
cancer, different tissue types, or sub-types of cancer for causal inference. In contrast to other methods, ICP excels in
inference if provided with more sources and thus is suitable for integrating multiple heterogeneous data sets.
3.2.2

Double/Debiased Machine Learning: Scaling Causal Effect Estimation

𝐱

Multi-output prediction (Section 3.1.2) and ICP (Section 3.2) assume a linear relationship
𝒈𝟎
𝒎𝟎
between RMs and outcome mRNAs expressions and are hard to extend theoretically
for capturing non-linear interactions.59 On the other hand, the prediction accuracy of
𝑅
𝑌
more complex ML models such as deep neural networks surpasses the linear model’s
𝜽𝟎
performance but leads to biased estimates of the causal effect.60 Double/Debiased Figure 6: The DAG repmachine learning 60 (DML) is a new framework for causal inference from observational data resenting DML. DML estiintroduced in economics that corrects for the regularization bias incurred from ML prediction mates the nuisance paramemethods. To use the prediction ability and scalability of modern ML methods while ters m0 (x) and g0 (x) with ML
estimating the causal effects of RMs on transcription rigorously, I will build upon prediction methods to infer the
DML. DML uses arbitrary ML methods for two prediction tasks (estimating the effect causal effect θ0 .
of confounders on RM and mRNA, Fig. 6) while overcoming the induced bias on causal effect estimation by
orthogonalization.60 Since DML better controls the confounding factors, it can squeeze more information out of the
observational data for causal effect estimation, i.e., DML is sample efficient. As DML uses advanced ML methods in
its core, it is more scalable, i.e., computationally efficient.
Summary. Causal inference is finding its place in data science at a level between purely correlation-based models
and physical models based on differential equations.58 These methods can generate testable biological hypotheses
and have a lower false discovery rate compared to other computational approaches.61 I expect causal inference
methods to improve our understanding of mechanisms of gene regulation and move us closer to learning the overall
effect of targeted therapies. I believe that by bringing the best of causal and ML methods into biology and genomics,
the proposed algorithms will have a broad impact and add a new class of methods to the computational biologist’s
toolbox.
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