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Example: Multi-omics Integration

Samples (individuals)

Samples (individuals)

One-by-One
Association Test

Microbial Genera

0
]
=
°©
Q
©
+—
Q
=

Cluster-by-Cluster
Association Test




Proposed method

HIERARCHICAL ALL-AGAINST-ALL ASSOCIATION
TESTING



Discretizing, Clustering, and Coupling
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Hypothesis Testing, FDR Correction
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Heterogenous Large-Scale Datasets
a Mixed Continuous Diverse Data and
Metadata
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Validation
SYNTHETIC DATA



Simulated datasets

« Two synthetic datasets:

12 features and 200 samples

3 block of features with each datasets

Features within blocks are linearly correlated

The second dataset is spiked linearly from the first dataset

Each block from the first dataset is linearly correlated with one block
from the second dataset
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Associations

A cluster from the first dataset
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Evaluation
PERFORMANCE
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Simulated Datasets

10 different simulated datasets are used:

— Datasets scaled from 4 features and 100
samples to 24 features and 500 samples.

— These datasets have simulated clusters in their
features with linear association within and
between them.
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Methods

* Higher statistical power in HAIIA
* Benjamini-Hochberg has controlled the FDR

In the naive All-against-All approach
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HAIIA vs. AllA: ROC Curve

Receiver operating characteristic

1 . O B ] /7
Il /
Ve
Ve
Ve
q) 0-8 / N
"(B' /
o Ve
/7
Q /7
S 0.6 , .
= ’
8 Ve
o
n / i
@ 0.4 ,
Ve
= ,
Ve
| /7 _
0.2 ,
/7
Ve — AIIA-NMI-PCA (area = 0.92)
0 O Ve — HAIIA-NMI-PCA (area = 0.98)
| I I

‘0.0 02 04 06 0.8 1.0
False Positive Rate

15



Application

GENERA VS. METABOLITES
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The Multi-Country DIABIMMUNE Study

New cases of type 1 diabetes (0-14 years per 100,000 children per year), IDF 2011
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Serum lipids and metabolites are associated
with T1D-related microbial taxa
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Software
FEATURES
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Testing
Approaches

 Naive AllA
 Hierarchical AllA

Extensibility

Similarity Metrics Decomposition
NMI Methods
MIC PCA
Pearson ICA
AMI




Packaging

* Python package
— Software
— Unit tests
— Evaluation Modules

* Online References
— Hierarchical All-against-All(HAIIA)

— The Huttenhower Lab
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Installation and Running

» Download
* python setup.py install

« Command line
— halla —X dataset1.txt —Y datsest2.txt —o output --plotting-results
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Summary Advantages

Works with heterogeneous data (continuous+
categorical)

Able to detect individually weak, but collectively
strong signals

Interpretable approach to data dimension reduction
Assigns g-values to associations with high
sensitivity

Extensible to the use of different clustering and
association methods
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