Deep Learning Models
for Detecting Metastatic Cancer from Images
Ilyas Ustun

Convolutional Neural Networks to identify cancer from pathology scans
INTRODUCTION

RESULTS

DATA:

- The original data is skewed with approx.
60% negative samples
- 10,000 positive and 10,000 negative
samples have been used to train the models
- The validation set has 2,000 samples from
each class
- Convolutional Neural Networks have been
used to classify the tissues

Goal: To find an algorithm that can identify
metastatic cancer in small image patches taken
from larger digital pathology scans.

• Images are 96x96x3px large
• A positive label indicates that the center
32x32px region of a patch contains at least
one pixel of tumor tissue.
• Tumor tissue in the outer region of the patch
does not influence the label. This outer
region is provided to enable fullyconvolutional models that do not use zeropadding, to ensure consistent behavior when
applied to a whole-slide image.

Ratio of positive and negative samples
Distribution of
predicted
probabilities

Validation accuracy vs. epoch

CONCLUSIONS

Relative Frequency

- Transfer learning has been applied by using
pretrained models such as vgg16 and
inceptionV3
- Both self-developed and vgg16 models show
high accuracy
- The model performance will increase if
more images are used for training
- This research demonstrates the
effectiveness of detecting metastatic cancer
from images using deep learning models
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Analytic Approach: Jointly learns the noise statistics and better feature representations of a given sentence.
INTRODUCTION

LABEL NOISE ROBUST DEEP NETWORK

Deep networks have made huge gains in
performance over traditional methods on
large datasets with very clean labels. However
large real-world datasets often contain label
errors. It is crucial to be able to train deep
neural networks in the presence of label
noise.
Our approach introduces a non-linear
processing layer (noise model) that models
the statistics of the label noise into a
convolutional
neural
network
(CNN)
architecture.
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OBJECTIVES
 To train deep neural networks that are
robust to label noise.
 To study the effect of different
initialization and regularization on noise
model and different batch sizes when
training with noisy labels.
 To study the effect of two different types
of label noise; Uniform label flipping
(Uni), and Random label flipping (Rand).
Where a clean label is swapped with
another label from the given number of
labels uniformly or randomly.

t-SNE Embedding for Trec
dataset
DATASETS
Summary of text classification datasets used;
K: denotes the number of classes, L:
represents the average length of sentence, N:
denotes the number of training samples, T:
represents the number of test samples, Type:
describes whether the dataset is balanced.

Label
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This laptop should be sold with SSD. HDD
makes this laptop very slow. In contrast of
that, this laptop's CPU is very powerful. You
need to add or replace SSD to this laptop if
you want to get real potential of this laptop.

Entertainment

Prediction

This laptop should be sold with SSD. HDD
makes this laptop very slow. In contrast of
that, this laptop's CPU is very powerful. You
need to add or replace SSD to this laptop if
you want to get real potential of this laptop.

Electronics

LEARNED NOISE MODEL
The learned noise model is able to capture the
input label noise statistics and is highly
correlated to the input noise distribution with
Pearson Correlation Coefficient 0.988.

RESULTS
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CONCLUSIONS

Noisy
Labels

Iteration 0
Superimpose

Iteration 5

Iteration 10

Iteration 18

Base model alone

The proposed framework enables a Deep
Neural Network to learn better sentence
representations in the presence of label noise
for text classification tasks. With proper
initialization and regularization, the noise
model is able to absorb most of the label noise
and helps the base model to learn better
sentence representations.
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INTRODUCTION

EXPERIMENTS AND RESULTS

Clustering a very large amount of dataset has
always been challenging due to the limited
number of resources for computing and
training the machine learning model. In this
poster, we propose a distributed K-means
workflow that is processed by the DATAVIEW, a
big data workflow management systems
(BDWFMS). The proposed workflow is based on
the user-defined K value and the number of
splitting parameter that significantly speeds
up the process of clustering with the K-means
algorithm.
OBJECTIVES

• Centroid Calculation step 1: In this step,
the partial sum of each of the cluster and
the total number of the dataset for each
cluster are calculated. The K x Q matrix
has been generated for calculating the
partial sum, where K = total numbers of
clusters and Q = total number of
attributes for each of the dataset. Also,
the original dataset is sent to the
ReAssign Cluster task.

The main contributions of the distributed Kmeans clustering workflow are as following:

• We propose a novel workflow that
processes the K-means clustering algorithm
in a distributed system such as DATAVIEW
[1] for the big data workflow research
community.
• The workflow is dynamically created based
on a user-defined number of clusters, splits
of the original dataset and the number of
iteration that is provided at the time of
creating the workflow.

Fig1 visualizes the distributed Kmeans clustering workflow with
two splits and two iterations.

• Centroid Calculation final step: In this
task, the partial sum of the different split
and the total number of the dataset for
each cluster is aggregated. Finally, the
centroid for each of the cluster is
calculated.
• ReAssign Cluster: This task reassigns
each of the split datasets to the newest
closest cluster according to the centroid.

• We performed experiments with two
worker nodes and reported the effective
overall timespan compare to the traditional
K-means clustering algorithm with a single
worker node.

CONCLUSIONS
Our experiments showed that the distributed K-means
workflow provides a 1.24X speed-up for processing the kmeans clustering with two worker nodes compare to the
traditional k-means clustering with a single worker node
and for the 1000k datapoints.

Distributed K-means clustering
workflow Architecture

REFERENCES

In every iteration, the distributed K-means
clustering workflow uses the same tasks
except Initialization task that executes only
once and at the beginning of the process.
• Initialization: In this task, the dataset is
split to the equal number of splits with
similar size, that is provided by the user.
Also, each of the datasets is randomly
assigned to a random cluster number.

Fig3 (up) Comparison of execution timespan for various
number of input dataset for creating two clusters with
two worker nodes (pink) vs traditional approach with
single worker node (blue). (down) Comparison of
execution timespan for creating two clusters with
different iterations for 1000K datapoints.
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INTRODUCTION
Workflow scheduling is the most challenging
core module in any workflow management
systems[1]. Workflow scheduling by its nature
is DAG scheduling, which is a well-known NPcomplete problem[2], even in the simplest
case, where tasks are assigned to an arbitrary
number of resources. Given a workflow, an
ideal scheduler is expected to generate a
schedule solution of minimal monetary cost
and minimal makespan of workflow‘s
execution, which is apparently a paradox.
How to balance between makespan and
execution cost is the key point in workflow
scheduling. This issue has been studied in
respective cases with different focuses: the
deadline-constrained workflow scheduling[3],
budget-constrained workflow scheduling, and
the deadline-budget optimization workflow
scheduling

OBJECTIVES
The main contributions of this paper can be
summarized as follows:
• We propose a path-based workflow
scheduling algorithm that leverage the
dynamic programming strategy to generate
workflow schedules of minimum execution
cost on AWS EC2 (an IaaS cloud service).
• The proposed algorithm is implemented
and integrated into a real popular workflow
system, DATAVIEW.
• We conducted systematic experiments and
the acquired results show that outperforms
the state-of-the-art algorithms.

CASE STUDY AND EXPERIMENTS
In Figure 1, we demonstrate a sample
worklfow structure with the data transfer
time between tasks. The red boxes show the
four partial paths generated from algorithm 2.
Then the algorithm 3 is called to assign each
path to the cloud computing environment C.
The first path is assigned by algorithm 4.
Some tasks in the remaining three paths will
try to assigned to the leftover time in the
current billing cycle first. The algorithm 4 is
called to assign the remaining tasks in the
path.

METHODOLOGY

Problem Definition

Fig 1: Sample workflow with data dependencies
In order to handle the fluctuant performance
of executing each task, an evaluation formula
called C-score is used to evaluate the
performance
of
workflow
scheduler
generated by each algorithm. The C-score
first assigns 0.5 to each scheduler initially
and compares the real makespan with the
deadline. A reward between 0 to 0.5 will be
added to C-score, if the real makespan is
smaller than the Deadline, otherwise a
penalty between 0.0 to 0.5 is applied to Cscore.
Within the 10s billing cycle of Montage and
LIGO workflows, our proposed algorithm beats
other algorithms in most cases. Initially, all
three algorithms are failed to meet the
deadline. The deadline is failed due to the
unpredictable transfer time between the
Amazon VM. Similarly, and show that LOPD
wins by most cases showcasing relatively
better C-score. Our algorithm performs better
when the deadline is smaller.

Fig 2: Performances on different deadlines

CONCLUSIONS

In this paper, we proposed a new workflow
scheduling algorithm that successfully finds an
optimal schedule for each partial critical path
in a workflow DAG. The overall goal of the
presented algorithm is to minimize the total
execution cost of a workflow while meeting a
user-defined deadline.
The experiment results gained from running
workflows on AWS EC2 demonstrate the
performance advantage LPOD over other
state-of-the-art algorithms. However, at this
time our workflow executor does not exactly
follow the generated optimal schedule. This
remains as our ongoing and near-future work.
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Characterizing Customer Choice for Introducing Niche Products
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An attribute-based analysis for demand estimation of new products

In today’s agile market, products emerge and
die faster than ever. A company’s ability to
decide which products to keep offering, which
products to retire, and which new products to
introduce is crucial to its profitability and
competitiveness.

RESULTS

Motivation

INTRODUCTION & OBJECTIVE

This combined methodology enables us
to benefit from the both algorithms
while avoiding eithers’ shortcomings.
Specifically, since Multinomial Logit(MNL)
is prone to IIA, we use non-parametric
models to feed heterogenous data to
MNL. On the other hand, non-parametric
Customer Choice Modeling(CCM) doesn’t
work with attribute, which means it
cannot be used for prediction of nonexisting products. This is dealt with by
using several MNL models, one for each
segment.

This analysis is based on the data
provided by a retailor company. Data
includes a table of all products offered
(currently sold and obsolete) and their
attributes, sales data of 4 stores for a 6month period, and inventory data of
those stores for the same time interval.

The results are shown in the following charts. Here there
are 4 main segments of customers(These segments
include 28, 24, 18, 17 percent of customers
respectively). In each segment X-axis shows products and
Y-axis shows product attractiveness; blue bars show MNL
results for each segment; while red lines shows true
market share for each products.

This data included more than 100,000
SKUs in the 3 main categories of
products. We did the analysis with 7
substitutable products in one category
which
were
identified
by
5
attributes(such as color and fabric) .

METHOD

This research proposes a method to estimate
the attractiveness of any potential new
products. The objective is to develop a
method to rank attractiveness of products
based on their attributes and based on
different customer segments. Two major
problems must be solved to achieve this
objective.
• Problem 1: Find a robust way of clustering
costumers based on transaction (POS sales)
data, such that within each segment,
customers have similar order of
preferences towards the offered products.
• Problem 2: Find an accurate way to
translate customers’ preferences toward
products to preferences towards different
attributes.

a. Perform a non-parametric CCM on selected data to obtain different customer groups. For this step we
use a modified version of Bertsimas (2015) to obtain rankings 𝜎𝜎1 , … , 𝜎𝜎 𝑘𝑘 and their respective
probabilities, 𝜆𝜆1 , … , 𝜆𝜆𝑘𝑘 .
b. Distribute sales data between the customer groups obtained in Step 1. To do so we define the matrix
𝐵𝐵𝑚𝑚×𝑘𝑘 = 0, and fill it as follows:
∗
𝑘𝑘
∗
𝑘𝑘
For each ranking 𝜎𝜎 where given assortment 𝑎𝑎, product 𝑝𝑝 is purchased (i.e., 𝑝𝑝�𝜎𝜎 , 𝑎𝑎� = 𝑝𝑝 )
c.

modify 𝐵𝐵𝑎𝑎𝑎𝑎 += ∑

𝜆𝜆 𝑘𝑘

𝜅𝜅 ∈𝐾𝐾 ∗ 𝜆𝜆 𝜅𝜅

, where 𝐾𝐾 ∗ = {𝜎𝜎 𝑘𝑘 � 𝑝𝑝�𝜎𝜎 𝑘𝑘 , 𝑎𝑎� = 𝑝𝑝 ∗} is the set of all customer groups who

∗
choose 𝑝𝑝 if presented with assortment 𝑎𝑎.

1
𝑘𝑘
Fit an MNL regression to each customer group (𝜎𝜎 , … , 𝜎𝜎 ) using the data of Step 2

to find coefficients

𝛽𝛽𝑘𝑘 .
d. Plug in the new product’s vector of attributes into each MNL model to find its rank in the corresponding
customer group.

CONCLUSIONS
The output of our method is:
• List of different customer behavior segments,
• Number of customers in each model,
• Demand for new/proposed product in each model
compared to existing products,
These data can be used for:
• Deciding what features (attributes) to add (keep) or
remove from existing products
• Estimating demand and thus smooth production
planning for new products
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Big Data Application in Reliability Analysis
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Motivation & Background
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 Big data includes large volumes of data and data with complicated structures
 Modern sensor technologies generate big data that can be used in reliability
analysis
 Traditional reliability models are not efficient with complex structured and high
volume covariates data
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 In this study, a heuristic method, particle swarm optimization (PSO) is chosen to
solve the optimization problem.

Case Study
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Theorem 1: The generalized Cox-Snell residual of the j th sample is formulated
as follows:

 Advanced optical microscope can generate complex and high volume
images from surface of materials which have effect on the materials’ failure
times
 Magnetic resonance imaging produce images that are important factors in
patients survival.s

 (t ) the Breslow estimation. The model fits the data well if the
where is H
0 j
generalized Cox-Snell residual follows an exponential distribution with µ = 1

 Based on the proposed deep learning-based reliability, the survival probability
function and probability density function are derived as follows:

 Dual phase advanced high strength steels (DP AHSS) are used in various
industries including auto industry
 Predicting failure times of DP AHSS have many applications including
facilitating of fatigue test
 AHSS DP’s microstructure has a strong influence on the mechanical
properties of the steel including failure time
 Microstructure of a DP AHSS sample is a very small scale structured of the
material.
 Process the microstructure images and penalized autologistic regression model
is applied on DP AHSS microstructure images to extract features
 Proposed model is applied on the extracted features to predict failure time

Research Question
Objective
 Propose a novel deep learning-based reliability to model complex relationship of
covariates and failure (survival) times.
Challenges
 Covariates are high dimensional and complex structurally
 Covariates are high volume
 Failure (survival) times follow unknown complex distribution function

Deep Learning Model
 The proposed model generalizes Cox model to be efficient in reliability analysis
of high dimensional and complex data
 Deep learning-based reliability model is formulate as follows:

h(t | x) = h0 (t ) g (x | θ)
h0 (t ) : baseline hazard function
g (x | θ) : a function that determines the effect of the covariates on time-tofailure with two main properties 1) g (0 | θ) =1 ∀θ, g (x | θ) ≥ 0 ∀θ, x
g (x | θ) is estimated by an
activation

multilayer perceptron (MLP) with a sigmoid

 The proposed model is proportional hazard model since the hazard ratio (HR)
is the same in all time points

Training Process
 Challenges:
1) Since the baseline hazard function in is not defined, the maximum likelihood
estimation (MLE) cannot apply directly
2) Traditional MLP loss functions based on ordinary least square (OLS) are not
applicable
3) When there are few samples, which generally is the case with reliability
problems, the parameter estimation method can suffer from overfitting
 A loss function based on the partial likelihood function is developed to estimate
model parameters
 Conditional probability of the ith sample’s covariate xi is formulated as follows:

 By assuming that the failure times of samples are independent, we can estimate
the parameters of the MLP by maximizing the following log-partial likelihood
function

 Akaike information criterion (AIC) is calculated for our proposed model and
Cox model of the case study
Model
AIC

Deep Learning
reliability
100.7

Cox model
133.5

Summary
Traditional reliability models can not model complex survival data efficiently
A novel deep learning-based reliability model is proposed
Statistical properties of the proposed model are presented
A maximum log-partial likelihood method is developed to estimate model
parameters
 The model and developed method are applied on microstructure images to
predict failure times





References
•
•

Mohammad Aminisharifabad, Qingyu Yang, and Xin Wu. "A Penalized Autologistic
Regression with Application for Modeling Microstructure of Dual-Phase High Strength Steel,
“Journal of Quality Technology 2018.
D. R. Cox, "Regression models and life-tables," Breakthroughs in statistics, pp. 527-541:
Springer, 1992.

Communities and Crime: From big data to big
Insights

Oluwatoba O., Leslie M., Celestine A.
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“Artificial Intelligence is about replacing man decision making with more sophisticated technologies” – Falguni Desai
INTRODUCTION

MATERIALS & METHODS

• U.S Department of Justice declared that
about 23 million criminal offenses were
committed in the U.S in 2007 costing a total
of about $194 billion for government
expenditures on policing, corrections,
judicial and legal actions, and economic loss
of victims.

Data Preparation
Imputation methods, Normalization

• Data mining and machine learning tools
have proven effective at addressing crime
rates in developed countries.

Dimension Reduction
Missing value ratio, PCA

• We employ Linear regression (LR), Random
Forest (RF), K Nearest Neighbor (KNN) and
Multilayer Perceptron (MLP) algorithms on
census and crime data to discover the
important risk factors of crime

RESULTS
• PCA successfully achieved a dimension
reduction from 128 to 32 explaining 95%
variance of dataset
• Table 1 & 2 shows first 7 ranked attributes
results from Correlation Filter and RF
algorithm respectively
• Table 3 shows the evaluation of the
developed prediction models based on:
• Correlation Coefficient
• Mean Absolute Error (MAE)
• Root Mean Square Error (RMSE)
Rank

Feature Selection

1
2

High Correlation Filter, Random Forest

3
4
5

OBJECTIVES

Prediction Model

6
7

Linear Regression(RF), K-Nearest
Neighbor(KNN), Random Forest(RF),
Multilayer Perceptron(MLP)

This research aims:
To present a framework that extracts risk
factors (i.e. causes) of high crime rates in
communities.

• Additionally, develop a crime prediction
model.

•

Models

Correlation
Coefficient

MAE

RMSE

LR

0.81

0.097

0.136

KNN

0.796

0.098

0.144

RF

0.786

0.096

0.143

MLP

0.759

0.101

0.152

LR algorithm appear to be the most
optimal algorithm among rest

CONCLUSIONS

Table 1: Ranked Risk factors based on Correlation

• Resulting risk factors prove to be very
significant to law enforcing agencies and
policymakers in taking actions to reduce
crime rates.

•

Table 3: Prediction Model Evaluation

1

DATASET

•

Represents
percentage of children born to never
married
percentage of population that is
African American

“pctWPubAsst
numeric”

percentage of households with public
assistance income in 1989

“FemalePctDiv
numeric”
“TotalPctDiv
numeric”
“MalePctDivorc
e numeric”
“PctPopUnderP
ov numeric”

percentage of females who are
divorced
percentage of population who are
divorced
percentage of males who are
divorced
percentage of people under the
poverty level

Table 2: Ranked Risk factors based on RF
Rank

•

Attribute
“PctIlleg
numeric”
“Racepctblack
numeric”

2
3

The data combines socio-economic data
from the 1990 US Census, law enforcement
data from the 1990 US LEMAS survey, and
crime data from the 1995 FBI UCR

4
5
6

128 attributes or variables and 1,994
instances

7

•

Attribute
“PctIlleg
numeric”
“racePctWhite
numeric”
“PctKids2Par
numeric”
“NumIlleg
numeric”
“PctFam2Par
numeric”

Represents
percentage of children born to never
married
percentage of population that is
Caucasian
percentage of children in family
housing with two parents
number of children born to never
married
percentage of families (with children)
that are headed by two parents

“pctWInvInc
numeric”
“racepctblack
numeric”

percentage of households with
investment / rent income in 1989
percentage of population that is
African American

It can be observed from Table 2 that
ranked attributes are highly correlated

We used a comprehensive machine learning
procedure to extract important factors highly
correlated with crime.
Pie Chart showing categorized Risk factors of Crime
3%
Marriage/Family issues

17%

25%

Race
Poverty Levels
Unemployment levels

15%

5%

Education
Others

10%

21%
4%

Housing related
Population
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An Efficient Scheduling Framework for Big Data Analytics in HPC
Clusters
Baraa Saeed Ali and Nabil J. Sarhan
ECE, Wayne State University, Detroit, MI 48202

Dependency-Aware Scheduling for Tasks with Constraints in Big Data Clusters
INTRODUCTION
Compute clusters are used to carry out Big
Data analytics. To achieve better performance
for these applications and to enhance the
utilization of such expensive infrastructures,
efficient scheduling algorithms should be
deployed. A scheduling algorithm determines
when and where tasks are placed, so that the
cluster utilization is maximized and the job
completing times (JCTs) is minimized. We
present a two-stage hybrid scheduling
framework for Big Data applications. The
proposed dependency-aware scheduler is
designed to efficiently handle jobs with
resource constraints.

•

•

•

•

Efficient scheduling is challenging because
• Production jobs have diverse constraints and
need to be run on machines with properties
satisfying those constraints.
• Jobs usually are compiled as directed acyclic
graphs (DAGs) to express inter-task
dependencies, thereby respecting those
dependencies is necessary.
• As shared clusters run heavy loads of
concurrent and heterogeneous Big Data jobs,
scheduling algorithms should scale well in
such a dynamic environment to keep up with
immense numbers of arriving jobs and to
consistently maintain minimum JCTs.

•
•

Central Scheduler
Task Classifier

Task execution/
completion update

Admission
Control

Task Monitoring
Distributed
Scheduler 1
Distributed
Scheduler 2
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Users submit jobs
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• Compiling DAGs out of the available traces
is key for building a faithful benchmark.
• As the numbers and durations of tasks
increase, scheduling those constrained
tasks becomes harder.
• The preliminary performance results of the
proposed framework are promising. The
waiting times are justified by the careful
task placement and dependencies
overhead.
• With other schedulers, jobs experience
similar waiting times before being suboptimally placed on machines that may not
satisfy all those tasks’ constraints.
• In the future, we will implement the
scheduling framework as a plug-in
scheduler for a real Spark cluster and will
experiment different workloads with more
efficient DAG traversal schemes.

• We have developed a Python-based simulator
to evaluate the proposed algorithm. The
simulator style is inspired by [2].
• The simulator imitates a cluster of thousands
of machines. It profiles tasks and machines
by adding constraints and attributes,
respectively [1].
• The simulator replays production traces from
Google, Facebook, Yahoo! and Cloudera. It
compiles each job to a DAG and produces
statistics on JCTs and cluster utilization.
• As long as the simulation goes, we have not
compared our work with other schedulers as
they do not include all the considered
aspects (hybrid scheduling, task
dependences, constraints, etc.).

Machines
VIM

CONCLUSIONS

EVALUATION

PRELIMINARY RESULTS
CDF (jobs %)

The proposed scheduling algorithm solves
the aforementioned challenges as follows.
• By profiling each machine and task [1], it
places each task on the machine that
satisfies all that task’s constrains.
• It schedules each independent set of tasks
(Dag level) in a fully distributed manner
using many schedulers to achieve shorter
JCTs and to increase cluster utilization.
• Tasks that have many constraints are
scheduled centrally for optimal placement.
• The hybrid scheduling architecture ensures
that the proposed framework is scalable.

The framework consists of a centralized
scheduler and a number of distributed
schedulers.
The centralized scheduler takes care of
jobs that have low degrees of parallelism
and hard-to-place tasks.
The distributed schedulers handle jobs
that have high parallelism degrees and
tasks with few or no placement
constraints, so they can enjoy the high
scalability of distributed scheduling.
The framework is enhanced with smart
cluster partitioning to help the centralized
scheduler make better placement
decisions.
The framework schedules tasks online
according to their constraints by explicitly
considering up to 21 constraints.
The framework enforces inter-task
dependencies according to their DAG.
The framework maintains high scalability
and achieves high overall cluster
utilization as the scheduler handles
different kinds of jobs in a fine-grained
fashion. See the figure below.
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ED Patient Disposition Prediction Using Deep Learning
Alex Vucenovic, Ratna Babu Chinnam, Ph.D.
Industrial & Systems Engineering, Wayne State University, Detroit, MI 48202

Analytic Approach: Deep Learning, Feature Selection, Health Informatics, Natural Language Processing (NLP)
EXPERIMENTAL APPROACH

INTRODUCTION
Healthcare data take structured and unstructured
forms (including patient demographic information,
vital statistics, lab test results, and clinical notes)
which can present challenges for traditional
statistical models.
During an emergency department (ED) encounter,
these data are recorded in the Health Information
System (HIS) often at irregular time intervals and by
different clinical and administrative users.

Event Logs

OBJECTIVES
The objective of this study is to use healthcare data
to predict ED disposition decision class using scalable,
production-ready Deep Learning frameworks.
Care pathway prediction can facilitate patient flow
leading to increased patient satisfaction, more
effective resource utilization, and lower operating
cost.

CHALLENGES








EHR data contained within Relational Database
Management System (RDBMS) structure
 Building an end-to-end system means leveraging
existing data infrastructure
Different feature types including categorical,
continuous, sparse binary matrix, and text
 Solutions include ensemble methods and multiinput neural architectures
High-dimensional, class-imbalanced dataset
 Solutions include feature selection, feature
engineering, and downsampling
Missing data
 Solutions include missing feature imputation or
removal of observation from training set

Experimental Design Choices
Leverage Keras Functional API to build multi-input neural architectures
Use model selection and regularization methods including dropout, early
stopping, L-2 regularization, and grid search for hyperparameter tuning

Vitals

Lab Test
Results

Clinical Notes

RESULTS

Stage 1
Data
Extraction &
Pre-processing

Stage 2
Predictive
Modeling &
Experimentation

Trained
Classifier

Python Packages & Tools
Google Colaboratory or Cloud ML (train large models on cloud-based GPU)
NumPy, SciPy, Pandas, TensorFlow, Keras, Scikit-Learn, NLTK

MODEL

INPUTS

CBOW

TEXT

VALIDATION
ACCURACY
89.9%

1-D CNN

TEXT

91.0%

LOGISTIC
CONTINUOUS
REGRESSION
MLP NEURAL CONTINUOUS
NETWORK
MULTI-INPUT
TEXT &
(1-D CNN&MLP) CONTINUOUS

81.0%
87.7%
93.4%

CONCLUSION
The Keras Functional API provides for ease of building
complex deep learning architectures.
Individual-input deep learning classifiers produced
superior results to traditional machine learning model
equivalents.

EHR Data Tables

Python IDE

MATERIALS & METHODS
Stage 1
 Data was extracted in the form of raw EHR data
tables from the HIS
 ‘Event logs’ table critical for understanding
patient flow, HIS use, and table relationships
 Pre-processing (using Scikit-Learn) included:
 Feature selection using Random Forest
 Pre-processing (using Pandas) included:
 Replacement of text delimiters
 Splitting systolic and diastolic blood pressure
 Missing feature imputation
 Continuous feature normalization
 SQL-like joining and other conditional
operations to generate experimental dataset
 Observation removal in few cases
 Experimental training set: 175,000 observations
 Experimental validation set: 35,506 observations

Stage 2
 Based on preliminary results, categorical and
sparse binary matrix data were omitted as inputs
 Continuous features were limited to top 35 of 437
as determined by results of random forest
 Clinical notes were limited to the most recent 300
tokens per observation
 Embedding dimensionality: up to 1000
 Baseline models were developed using
traditional machine learning approaches and the
Scikit-Learn package (using CPU)
 Deep neural network-based models were
developed using TensorFlow’s Keras high-level
framework for comparison (using GPU)
 Empirical performance metric: accuracy
 In context of ROC, a validation score of 73%
would produce an AUC of 0.5

The multi-input classifier that used continuous
features in a feedforward neural network as well as
text features using convolution operations produced
the largest reported accuracy on the validation set
(93.4%).
This study also demonstrated that cutting edge deep
learning approaches can be implemented in concert
with HIS systems by selecting the right mix of data
processing pipelines

REFERENCE
[1] Ian Goodfellow and Yoshua Bengio and
Aaron Courville, Deep Learning, MIT Press
(2016).
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Prescriptive Analytics for Dynamic Task Assignment and
Coordination of Inpatient Operations in Hospitals
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Industrial & Systems Engineering, Wayne State University

Analytic Approach: Mixed-Integer Programming (MIP) Model
INTRODUCTION

OPTIMIZATION APPROACH

 Hospitals are key components of healthcare
systems with many scarce and expensive
resources
 Emergency departments are a key gateway
accounting for nearly 50% of all hospital
admissions, however, they are congested &
struggling!
500

Data Source: CMS / Propublica.org

Data Span: 2016

Median Time for Admission: 5.5 hours
Median Patient “Boarding” Time: 2.25 hours

400

The goal of the resource-task assignment
problem in inpatient unit is to assign patients
to beds to ensure that patient care
requirements are met, patient flow is
managed, and also to assign dirty beds to EVS
staff to maximize resource utilization.
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 Process and resource management are
considered critical for managing efficiency
of healthcare systems
 Dynamic task assignment for orchestration
of operations across the “ED to Inpatient
Unit” Network is key to cost efficiency,
outcomes, and patient satisfaction!

OBJECTIVES
 Computationally efficient and robust task
assignment for patient flow coordination:
 Mix-integer programming models for
optimality
 Effective heuristics for computational
efficiency
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(27)
(28)

Additional hard constraints:
• Assign a bed to only one patient at any one time
• Assign a transporter to only one patient at any one time
• Assign an EVS staff to only one dirty bed at any one time

EXECUTION APPROACH

 Proposed solution quite effective in
comparison with first-come, first-served
method

(10)
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CONCLUSIONS

RESULTS
Experiments Setting:
 Number of Replications: 10
 Inpatient Units Types: [0.6, 0.2, 0.2]
 Average Traveling Time (ED to IU): [5, 15, 25]
 Average Traveling Time (ED to IU): [10, 20, 10]
Experiments
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Deciphering the transcriptional signatures of psychosocial
experiences and their genetic interactions in asthma
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Elastic net regression to recapitulate the effects of psychosocial experiences on child physiology
INTRODUCTION

RESULTS

• Low socio-economic status and growing up in risky
families correlates with poor health outcomes
• Children living below poverty are most at-risk for
asthma1
• National asthma prevalence rate is 8.3%; higher in
urban areas1
• Detroit’s asthma mortality in youth is over 8x the
national average2
• Risk factors for worse asthma outcomes:

We built generalized linear models with elastic net
regularization (GLMnet3) to identify genes predictive of
psychosocial experiences and asthma traits, according
to the following model:

Genetic

+

Environmental

We found that the influence of socioeconomic status
on the expression of the RNGTT gene varies by
genotype class (GxE interaction).
Fig. 3. Clustered
heatmap of
correlations between
transcriptional
signatures of variables
of interest.

Phenotype/Environment = µ + 𝛽𝛽1 E gene1 + 𝛽𝛽2 E gene2 + … + 𝛽𝛽𝑛𝑛 E genen

We used cross-validation to minimize the mean squared
error (MSE) and quantified cross-validated increase in
phenotypic variance explained by transcriptomic
prediction model (transcriptional signature) over
sample mean. Figure 1 shows overview of model fit
across 55 traits.

chr6:89317868:A:G

Urban
living

SES
Fig. 5. RGTT (ENSG00000111880) normalized gene expression vs.
socioeconomic status transcriptional signature by genotype class.

Pollution

CONCLUSIONS

Stress

OBJECTIVES

GLMnet-predicted FEV

Fig. 4. Network of correlations between transcriptional
signatures of psychosocial experiences and asthma symptoms.

GLMnet-predicted SES

Research question:
What are the specific
contributions of the
environment and the
genetics to different
asthma phenotypes?

Fig. 1. Elastic net regression results. left - numbers of genes in prediction
model in each category of predicted variables; right - cross-validated
percent variance explained by variable category.

gene expression = covariates + genotype dosagei*transcriptional signature + ε

SES

MATERIALS & METHODS
•
•

119 asthmatic children aged 10-17 living in
Detroit Metro
Extensive medical and psychological information:
• Family dynamics
• Socio-economic status (SES)
• Asthma symptoms
• Cortisol levels
• Hydrocortisone response in vitro
• Genome-wide genotypes
• Blood composition

We used transcriptional signatures as environmental
proxies to detect genetic variants (eQTLs) interacting
with environments to alter gene expression levels,
using the following model:

FEV

Fig. 2. Example fit for gene expression prediction models (left –
socioeconomic status, right – Forced Expiratory Volume in 1 sec).

We were able to detect significant (explaining >1%
variance, p<0.05) transcriptional signatures of 21
(38%) traits. Next, we aimed to discover the degree
of sharing of transcriptional signatures between
psychosocial experiences and asthma traits (Fig. 3).
We observed significant associations between
transcriptional signatures of psychosocial traits and
asthma symptoms, e.g. negative correlation between
SES and asthma severity, and positive correlation
between nightly asthma symptoms and % unoccupied
houses (Fig. 4).

Variable
lymphocyte%
monocyte%
neutrophil%
eosinophil%
girl pubertal development
child negative affect
self-disclosure
SES ladder
mom’s responsiveness
family conflict
conflict with mother
parent's income
% fair+ houses
sleep duration
FEV % predicted

GxE eQTLs
14
10
2
5
2
25
7
10
25
1
4
1
1
1
2

Table. 1. Number of
significant (at
FDR<0.1) geneenvironment
interaction eQTLs by
category.

Social genomics approaches in humans can uncover
potential molecular mechanisms underlying health
disparities
• Psychosocial experiences and asthma symptoms are
reflected in blood gene expression
• We showed sharing of transcriptional signatures
between psychosocial and asthma traits
• Psychosocial experiences interact with genetic variants
to alter gene expression
• These interactions may modify genetic risk for asthma

REFERENCES
1. National Center for Health Statistics. Mortality component of the National Vital Statistics
System. Washington, DC: Centers for Disease Control and Prevention;2015.
2. Division for Vital Records & Health Statistics. 2013 Michigan Death Certificate Registry.
Lansing, MI: Michigan Department of Health & Human Services, 2013.
3. Friedman J, Hastie T, Tibshirani R. glmnet: Lasso and elastic-net regularized generalized
linear models. R package version. 2009;1(4).
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SecDATAVIEW: Secure Big Data Analytics Platform
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INTRODUCTION
Big data workflow management systems
(BDWFMS) have recently appeared as popular
data analytics platforms to perform largescale data analytics in the cloud. The
protection of data confidentiality and secure
execution of workflow applications remains an
important and challenging problem. Although
a few data analytics systems, such as VC3[1]
and Opaque[2], were developed to address
this problem, they are limited to specific
domains such as Map-Reduce-style workflows
and SQL queries. In this poster, we propose a
secure distributed BDWFMS (SecDATAVIEW)
that leverages Intel Software Guard
eXtensions (SGX)[3] as the hardware-assisted
security solution to develop a trusted
execution environment for distributed
workflows with a moderate performance
overhead.

• Reducing the memory footprint of workflow
runtime and decreasing the slowdown
impact of SGX enclave's memory paging
through a workflow task scheduling
mechanism that selectively provisions
confidential tasks into the SGX worker
nodes while executing non-confidential
tasks on regular AWS instances.

SecDATAVIEW System Architecture

Fig2 visualizes all-in-cloud deployment
architecture of SecDATAVIEW.

IMPLEMENTATION AND RESULTS

OBJECTIVES
SecDATAVIEW targets to protect the execution
of workflow’s data and results in the public
cloud, addressing three main challenges:
• Protecting the user’s proprietary tasks and
data from external network attack such as
eavesdropping on network channels
between worker nodes and accessing,
modifying or replying data and results, and
internal cloud attack scenarios such as a
colluded cloud administrator trying to
access, modify user data and results in the
virtual machine instances or any attacks on
data and results that is caused by a
malicious cloud software or a compromised
cloud system software by decreasing the
size of trusted computing base (TCB) in the
worker nodes.
• Executing workflow tasks written in Java to
overcome the limitation of SGX's lack of
support for Java programs.

Fig4 depicts the execution timespan for
secure vs baseline in the Diagnosis
Recommendation (top) and Map-Reduce
workflows (bottom).

Fig1 (a) visualizes the secure system
architecture for SecDATAVIEW and zoom-in
views of its two components: (b)Workflow
Engine, and (c) Task Management.
SecDATAVIEW has been created based on
DATAVIEW[4].
It introduces two security-related subsystems
referred to as Code Provisioner and Code
Provision Attestation that guarantee the
trustworthiness of the SGX worker nodes and
provisions the task and data, securely into the
worker nodes. The integrity and confidentiality
of user’s task, data and, results are protected
with the help of authenticated encryption with
associated data (AEAD 256 in GCM mode)
encryption scheme. Also, the integrity of the
user’s task and the SecDATAVIEW worker’s
kernel code is protected with the help of
SHA256 hash digest.

SecDATAVIEW prototype has been created
based on the proposed architecture. It
encompasses one SGX worker node with an
enclave inside it that interacts remotely with
SecDATAVIEW master node that runs in a
secure premise. For the evaluation purpose,
we have developed case studies with the
Diagnosis Recommendation workflow[5] and
Map-Reduce workflow to be executed securely
(secure execution) as well as without security
(baseline) with the different size of input
elements. Our results show a moderate
amount of overhead with the range of 1.13X
to 1.84X performance slowdown that is caused
by the secure execution.

CONCLUSIONS
SecDATAVIEW provides a strong security
guarantee of workflow execution in the
untrusted cloud while imposing a moderate
amount of performance overhead on workflow
runtime. REFERENCES
[1] Schuster, Felix, et al. "Vc3: Trustworthy data
analytics in the cloud." IEEE S&P (Oakland) (2014).
[2] McKeen, et al. "Innovative instructions and
software model for isolated execution." HASP@
ISCA. 2013.
[3] Zheng et al. "Opaque: An oblivious and
encrypted distributed analytics platform." 14th
USENIX NSDI. 2017.
[4] Kashlev, Andrey, and Shiyong Lu. "A system
architecture for running big data workflows in the
cloud, 2014 IEEE International Conference on
Services Computing.
[5] Ahmed, et al. "Diagnosis Recommendation Using
Machine Learning Scientific Workflows." 2018 IEEE
International Congress on Big Data (BigData
Congress).
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Genetic and environmental effects on vascular endothelium gene regulation and
cardiovascular traits
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Analytic Approach: Machine Learning, Hierarchical Mixture Model, Bayesian Hierarchical Model
COMPUTATIONAL METHODS

GWAS and eQTL studies have identified thousands of genetic variants associated with
complex traits and gene expression. Despite the important role of environmental
exposures in complex traits, only a limited number of environmental factors are
measured in these studies. Measuring molecular phenotypes in tightly controlled
cellular environments provides a more tractable setting to study gene-environment
interactions in the absence of other confounding variables.

Treatment
Retinoic Acid
Dexamethasone
Caffeine
Selenium

We performed RNA-seq and ATAC-seq in endothelial cells exposed to retinoic acid,
dexamethasone, caffeine, and selenium to model genetic and environmental effects on
gene regulation in the vascular endothelium, a common site of pathology in
cardiovascular disease. We found that genes near regions of differentially accessible
chromatin were more likely to be differentially expressed (OR = [3.41, 6.52], p < 10-16).
Furthermore, we confirmed that environment-specific changes in transcription factor
binding are a key mechanism for cellular response to environmental stimuli. SNPs in
these transcription response factor footprints for dexamethasone, caffeine, and retinoic
acid were enriched in GTEx eQTLs from artery tissues indicating that these
environmental conditions are latently present in GTEx samples. Additionally, SNPs in
footprints for response factors in caffeine are enriched in colocalized eQTLs for
coronary artery disease (CAD), suggesting a role for caffeine in CAD risk. Interestingly,
each treatment may amplify or buffer genetic risk for CAD, depending on the particular
SNP considered.

Condition-specific regulatory module
Active
Inactive

High stress
environment

Allele A

(glucocorticoids
treatment)

Low stress
environment

High cardiovascular
disease risk

Allele B

(control treatment)

Low cardiovascular
disease risk

Allele A
Allele B

ATAC-seq
reQTNs

RNA-seq
Genes with reQTLs

Dex
Caff
Ret
Dex
Caff
Ret
Dex Caff
Ret
Ret Dex
Caff
Sel
Con
Sel
Con
Ctrl1 Sel
Sel2 Ctrl2
2

Smooth muscle cells

Nucleosome

4874
2879
5790
10329

222
133
1038
196

CENTIPEDE. To determine the binding sites of over 1300 transcription factors genomewide, we used CENTIPEDE (see ref 3 for additional details) on our ATAC-seq data for each
treatment and control separately. CENTIPEDE uses a probabilistic framework known as a
hierarchical mixture model. First, a prior probability that a site is bound is calculated on
DNA sequence alone. Then, experimental data in the form of histone marks and/or
DNase-I (or Tn5) cut sites is used to generate a posterior probability of transcription
factor binding in a condition-specific manner.

A

B

reQTL mapping and direction of effect. Response eQTLs (reQTLs) refer to noncoding
genetic variants which influence gene expression response to a perturbation. We tested
14 SNPs for reQTLs which had been colocalized using a coronary artery disease (CAD)
GWAS and GTEx eQTLs. We show an example of a nominally significant reQTL
(rs10840293) for the SWAP70 gene upon treatment with caffeine (A). SWAP70 is
implicated in endothelial sprouting and is differentially expressed in response to
caffeine. The reQTL is located in a binding site for the AFT2 caffeine response factor. For
nominally significant reQTLs, we plot the direction of the reQTL effect against the CAD
effect z-value (B). A positive CAD z-value indicates that the risk allele is associated with
increased gene expression in GTEx, while a negative CAD z-value indicates the risk allele
is associated with decreased gene expression in GTEx. A positive reQTL effect size
indicates the treatment amplifies the genetic effect on disease risk, while a negative
reQTL effect size indicates the treatment reduces the genetic effect on disease risk.

CONCLUSIONS

GWAS hit for Crohn’s disease (from WTCCC)

Treatment of endothelial cells with retinoic acid, dexamethasone,
caffeine, and selenium induces changes in the transcriptional and
chromatin landscapes.
Changes in chromatin accessibility lead to changes in gene
expression.
Transcription factor footprints governing response to treatment can
be identified using ATAC-seq footprinting.
Genetic variants which disrupt response factor binding sites are
enriched in GTEx eQTLs from artery tissues and coronary artery
disease GWAS.

•

GENES

B
Treatments
Retinoic Acid
Dexamethasone
Caffeine
Selenium
Assays
RNA-seq
ATAC-seq
Genotyping

Identification of transcription factor footprints governing response to treatment. We
used CENTIPEDE to infer the identities of transcription factor footprints from ATAC-seq
data for each treatment individually (A). For each transcription factor footprint motif,
we calculated the enrichment of that factor in differentially accessible chromatin
regions, and we show the top enriched footprints for each treatment in more accessible
(retinoic acid, dexamethasone, caffeine) or less accessible (selenium) regions of
chromatin following treatment (B). We call significantly enriched factors response
factors for that treatment.

B
Torus. GWAS hits and QTL associations are typically in noncoding regions of the genome
and are in linkage disequilibrium with a large number of SNPs (A). Therefore, it is
challenging to identify the causal variant. One approach is to integrate functional
genomic annotations (B). We use a Bayesian hierarchical model called Torus (see ref 7
for additional details) along with our condition-specific transcription factor annotations
from CENTIPEDE. Torus first estimates the enrichment parameter of each annotation in
trait-associated genetic variants before using those annotation enrichments to finemap
causal SNPs.

•
•
•

A
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Tn5

ATAC-Seq Overview
1.Transposase Tn5
preferentially cuts open DNA
2. Sequence DNA fragments
3. Map to the genome

SWAP70 in caffeine

CAD z-value

Study Design. We isolated human umbilical vein endothelial cells (HUVECs) from 17
healthy donors. These were treated with retinoic acid, dexamethasone, caffeine, and
selenium, along with two controls (H2O and EtOH), for 6 hours prior to performing ATACand RNA-Seq and genotyping all samples for downstream analysis.

Transcription factor

DARs

Differential gene expression
and chromatin accessibility. For
each treatment, we calculated
the number of differentially
expressed genes (DE genes) and
differentially accessible
chromatin regions (DARs) using
DESeq25.

GWAS Trait
Functional variant

EXPERIMENTAL DESIGN
Endothelial cells

DE Genes

A

B

A

Conceptual overview. Genetic effects on gene expression can be modulated by the
environment, resulting in Gene-Environment Interactions. For example, allele A leads to
increased cardiovascular disease risk only in the presence of high stress, which can be
mimicked in vitro with glucocorticoid treatment. One potential mechanism for this
phenotypic outcome is increased expression of a particular gene due to increased binding
of transcription factor to allele A in high stress conditions.

Artery

RESULTS

reQTL effect size

ABSTRACT

eQTL and GWAS enrichment. We hypothesize that exposure to each treatment tested is
latently present and unmeasured in eQTL and GWAS studies, potentially affecting genetic
effect size through gene-environment interactions. We used Torus to estimate the
enrichment of SNPs disrupting response factor binding in GTEx artery samples (A). Upon
meta-analysis, all treatments except selenium were enriched. Similarly, we identified an
enrichment in caffeine in GWAS SNPs for coronary artery disease, indicating that caffeine
consumption could modulate risk for cardiovascular disease (B).

Experimental and computational postdoc positions in
genomics available in the Luca and Pique-Regi Labs:
fluca@wayne.edu or rpique@wayne.edu

Machine Learning Approach for Detection of
Clostridium difficile Toxins in Stool by Raman Spectroscopy
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Analytic Approach: PCA-LDA, PLS-LDA, SVM Linear and Radial kernel, GBM and Random Forest
INTRODUCTION

EXPERIMENTAL DESIGN

Clostridium difficile infection (CDI) is due to
the effects of toxins, toxin A and B (TcdA &
TcdB) on the host1. Annually in USA alone, CDIs
account for 500,000 new cases and 30,000
deaths with an estimated health care burden of
$6 billion2. Despite many diagnostic modalities,
diagnosis of CDI is poor (table 1). We proposed
a Raman spectroscopy (RS) and Machine
learning (ML) approach to detect TcdA and TcdB
in stool with high sensitivity and specificity. RS
was performed on un-spiked and TcdA or TcdBspiked stool smears. Following the acquisition,
spectra were preprocessed. Raman spectra
were split into training and testing data sets.
Following ML methods were trained on a
training data set.
• Principal Component Analysis - Linear
Discriminant Analysis (PCA-LDA),
• Partial Least Square – Linear Discriminant
Analysis (PLS-LDA),
• Support Vector Machine (SVM) linear and
radial kernels,
• Random Forest (RF) and
• Stochastic Gradient Boosting Machine (GBM)
Performance of each model was validated on
testing data set. Among all the ML methods,
PCA-LDA, SVM – Linear and GBM models
performed well for our data set. Sensitivities
and Specificities for the best model were
calculated. Our preliminary results show, at all
concentrations (1ng/ml, 100pg/ml, 1pg/ml &
0.1pg/ml), toxin-spiked stool was distinguished
from un-spiked stool suggesting the potential
of RS as diagnostic modality for CDI.

Spike with TcdA or TcdB

TABLE 1: POOR DIAGNOSIS DESPITE MANY DIAGNOSTIC MODALITIES
Diagnostic
Modality
Toxigenic Culture
Nucleic Acid
Amplification Test
Glutamate
Dehydrogenase
Enzyme
Immunoassay

Substance
Sensitivity Specificity
detected
High

Low

High

Low/
Moderate

High

Low

Cell Culture
Cytotoxicity
Neutralization
Assay

High

High

Toxin A and B
Enzyme
Immunoassays

Low

Moderate

Limitations

Vegetative
cells or
spores

Labor intensive,
Asymptomatic
carriage

Toxin genes

Asymptomatic
carriage

Common
antigen

Must be
combined with a
toxin test

Free toxins

Labor intensive,
48 hours
turnaround time.

Free toxins Variable accuracy

1 ng/ml

100 pg/ml 1 pg/ml 0.1 pg/ml Unspiked
Raman Spectroscopy

ML Analysis: Preprocessed spectra were split
into training (70%) and testing (30%) data sets.
ML methods (PCA-LDA, PLS-LDA, SVM (linear &
radial), RF and GBM) were trained on training
data set and their results were validated on
testing data set. Best model was chosen based
on accuracy, ROC and kappa to uncover
biomarker signature.

RESULTS & DISCUSSION
Mean Raman Spectra

Machine learning
Identify toxin specific stool biomarker signature

MACHINE LEARNING STRATEGY
RS DATA

Training (70%)
Train Models
•
•
•
•
•
•

PCA-LDA
PLS-LDA
SVM Linear
SVM Radial
RF
GBM

Random Split

Fine tuning

Testing (30%)
Validate Model

Testing Model Results
• ROC, kappa
• Sensitivity
• Specificity

MATERIALS & METHODS
Sample Preparation: C. difficile negative stool
samples were obtained from OpenBiome
(Boston, MA). Stool was spiked with TcdA or
TcdB at these clinically relevant concentrations
(1ng/ml, 100pg/ml, 1pg/ml & 0.1pg/ml).
Acquisition of Raman Spectra & Preprocessing:
RS was performed on an air-dried stool smear
that was placed on a mirror polished stainlesssteel slide with an inVia Raman microscope
(Renishaw, Gloucestershire, UK) equipped with a
514 nm excitation laser. Raw spectra were
preprocessed by applying an in-house developed
LabVIEW procedure for smoothing (IIR zero
phase filter), background subtraction
(Morphology) and normalization (Unit Vector
Normalization).

Mean Raman spectra were plotted for unspiked & toxin-spiked stool for all tested
concentrations with Raman shift on X-axis and
their intensities in arbitrary units on y-axis.

Learning Curves

Final Model Performance
Un-spiked Vs.
Spiked Stool Accuracy Kappa Sensitivity Specificity ML Method
TcdA 1ng/ml
GBM
64%
0.32
90.90%
42.90%
TcdB 1ng/ml

66.70%

0.32

68.80%

63.60%

TcdA 100pg/ml

72%

0.41

80%

60%

PCA-LDA

TcdB 100pg/ml

64%

0.26

71.40%

54.50%

PCA-LDA

TcdA 1pg/ml

68%

0.36

75%

61.50%

PCA-LDA

TcdB 1pg/ml

72%

0.42

85.70%

54.50%

TcdA 0.1pg/ml

76.90%

0.52

76.50%

77.80%

SVM Linear
Kernel
PCA-LDA

TcdB 0.1pg/ml

72%

0.44

71.40%

72.70%

PCA-LDA

GBM

At all concentrations (1ng/ml, 100pg/ml,
1pg/ml and 0.1pg/ml) TcdA or TcdB spiked stool
was distinguished from un-spiked stool with
accuracies ranging from 64% to 77%. GBM, PCALDA and SVM Linear Kernel performed best with
sensitivities ranging from 69% to 90% and
specificities ranging from 43% to 78%.
Learning curves inform that increasing the
sample number would improve sensitivity and
specificity of the models. Further, evaluation of
variable importance and weighting the
important spectral regions is necessary to
optimize toxin specific biomarker signature.

CONCLUSIONS
Model accuracy can be improved by increasing
the sample size and weighting specific Raman
spectral regions. Raman spectroscopy has the
potential to rapidly detect C. difficile toxins in
stool at clinically relevant concentrations and
may be useful as a diagnostic tool to modify
therapy and predict outcome in CDI patients.

REFERENCES
Learning curves for best model were plotted
with Training size on X-axis and Receiver
Operating Characteristic (ROC) on the Y-axis.
ROC closer to 1 is an indicator of good
predictor power of the model. The smaller the
gap between train and test curves, the more
generalized the model is for data at large.
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2015:372:2369-2370.

CONTACT

S. Kiran Koya, Ph.D.
Post-doctoral Associate,
SSIM, M&MI Dept. of Surgery, WSU
313.577.1306|skkoya@wayne.edu

