
A Systems Biology Approach for Biomarker Discovery in Alzheimer’s Disease
 Using Multi-omics and Bayesian Artificial Intelligence

ABSTRACT

I. STUDY GROUPS

III. ANALYSIS WORKFLOW V. BIOMARKERS

Michael A. Kiebish1, Gregory M. Miller1, Sudeshna Das2, Rangaprasad Sarangarajan1, Punit Shah1, Valerie Bussberg1, Bennett Greenwood1, Paula. P. Narain1, Steven E. Arnold2, Bradley Hyman2, Niven R. Narain1

1BPGbio, Framingham, MA, USA, 2Harvard Medical School, Boston, MA, USA

CONCLUSIONS

IV. BIOMARKER IDENTIFICATION

• Biological samples collected from patients with AD, MCI, and healthy controls underwent multi-omics profiling.  
• The resulting data set was integrated with available clinical records and cognitive assessments to enable generation of 24 Bayesian 

networks.
• Network analysis revealed four proteins associated with clinical features as potential biomarkers (connected to immune and liver 

biological function).
• These biomarkers will be further examined with additional cohorts to demonstrate diagnostic utility for the diagnosis and progression 

of Alzheimer’s disease.
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Figure 1. Biomarker workflow using sample 
types collected from patients in a temporal 
manner. Lipidomic, metabolomic, and 
functional proteomic mass spectrometry 
platforms employed for bioanalysis are 
integrated with clinical data using Bayesian 
Artificial Intelligence to identify novel 
biomarkers and therapeutic targets.

II. MULTI-OMIC TECHNOLOGY SUITE

Figure 2. Analytical Workflow. Biological samples are collected from patients and interrogated by multi-omics profiling. Technology-specific 
pipelines convert raw measurements into processed data, which are integrated with clinical records. This integrated data is analyzed by the 
NAi platform to develop cause-and-effect networks and to perform statistical analysis. 

Endpoint-related
Biomarkers

Healthy Controls (n = 50) MCI (n = 75) AD (n = 75)

Male 24 (48.0%) 34 (45.3%) 37 (49.3%)

Female 26 (52.0%) 41 (54.7%) 38 (50.7%)

Hispanic 10 (20.0%) 54 (72.0%) 26 (34.7%)

Not Hispanic 40 (80.0%) 21 (28.0%) 46 (61.3%)

Unknown ethnicity 0 (0.0%) 0 (0.0%) 3 (4.0%)

White 47 (94.0%) 69 (92.0%) 68 (90.7%)

African American 2 (4.0%) 5 (6.7%) 3 (4.0%)

Asian 1 (2.0%) 1 (1.3%) 3 (4.0%)

Unknown Race 0 (0.0%) 0 (0.0%) 1 (1.3%)

Age 50 - 59 0 (0.0%) 1 (1.3%) 11 (14.7%)

Age 60 - 69 10 (20.0%) 18 (24.0%) 10 (13.3%)

Age 70 - 79 23 (46.0%) 36 (48.0%) 24 (32.0%)

Age 80 - 89 17 (34.0%) 20 (26.7%) 29 (38.7%)

Age 90+ 0 (0.0%) 0 (0.0%) 1 (1.3%)

Table 1. General characteristics of the populations studied

Name Time Point(s) Sample Type(s) Disease Status Gender

Baseline Baseline Buffy Coat, Plasma HC, MCI, AD M, F

Baseline-M Baseline Buffy Coat, Plasma HC, MCI, AD M

Baseline-F Baseline Buffy Coat, Plasma HC, MCI, AD F

Baseline-AD Baseline Buffy Coat, Plasma AD M, F

Baseline-AD-M Baseline Buffy Coat, Plasma AD M

Baseline-AD-F Baseline Buffy Coat, Plasma AD F

Baseline-MCI Baseline Buffy Coat, Plasma MCI M, F

Baseline-MCI-M Baseline Buffy Coat, Plasma MCI M

Baseline-MCI-F Baseline Buffy Coat, Plasma MCI F

Baseline-HC Baseline Buffy Coat, Plasma HC M, F

Baseline-HC-M Baseline Buffy Coat, Plasma HC M

Baseline-HC-F Baseline Buffy Coat, Plasma HC F

Plasma Baseline, 1-yr, 2-yr Plasma HC, MCI, AD M, F

Plasma-M Baseline, 1-yr, 2-yr Plasma HC, MCI, AD M

Plasma-F Baseline, 1-yr, 2-yr Plasma HC, MCI, AD F

Plasma-AD Baseline, 1-yr, 2-yr Plasma AD M, F

Plasma-AD-M Baseline, 1-yr, 2-yr Plasma AD M

Plasma-AD-F Baseline, 1-yr, 2-yr Plasma AD F

Plasma-MCI Baseline, 1-yr, 2-yr Plasma MCI M, F

Plasma-MCI-M Baseline, 1-yr, 2-yr Plasma MCI M

Plasma-MCI-F Baseline, 1-yr, 2-yr Plasma MCI F

Plasma-HC Baseline, 1-yr, 2-yr Plasma HC M, F

Plasma-HC-M Baseline, 1-yr, 2-yr Plasma HC M

Plasma-HC-F Baseline, 1-yr, 2-yr Plasma HC F
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Table 2. Bayesian networks generated from multi-omics data harmonized with endpoints related to cognitive status and later cognitive 
decline. Data sets were stratified by time point, sample type, disease status, and gender and subjected to the AI component of NAi.
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Topology-related
Biomarkers

Figure 3. Biomarkers were identified by two parallel 
analysis methodologies following Bayesian learning. 
Endpoint-related biomarkers were identified as having 
significant relationships to cognitive tests and endpoints; 
whereas  topology-related biomarkers were identified 
using disease-specific network topology features. 
Comparison of the two biomarker sets identified four 
common markers which were selected for prioritization.

Patient 
Population

Time Point Sample 
Type

Protein

All Patients Baseline, 1-yr, 2-yr Plasma GNPTG (N-Acetylglucosamine-1-Phosphate Transferase Subunit Gamma)

Male Patients Baseline, 1-yr, 2-yr Plasma HGFAC (Hepatocyte growth factor activator)

Female Patients Baseline, 1-yr, 2-yr Plasma ACTBL2 (Beta-actin-like protein 2)

All Patients Baseline Buffy Coat IGKV1-5 (Immunoglobulin kappa variable 1-5)

Table 3. Final biomarkers identified by analysis.

Figure 4. Biomarker Profiles. Significant relationships uncovered by the NAi platform relating the biomarker concentrations with 
cognitive tests and endpoints. (A) GNPTG. (B) HGFAC. (C) ACTBL2. (D)  IGKV1-5. Insignificant relationships are omitted from this figure, 
which results in biomarkers having different number of relationships displayed.
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Alzheimer’s disease (AD) is a progressive dementia disorder which represents a growing, unsustainable 
healthcare and economic burden globally, with no reliable effective treatments or biomarkers available 
to provide adequate guidance for intervention. Recent experience in AD drug development 
demonstrates the urgent need for novel therapeutic targets as well as reliable diagnostic, prognostic, 
and companion biomarkers. Herein, BPGbio deployed BPGbio’s NAi® platform to address discovery of 
causal biomarkers through the integration of proteomics, lipidomics, and metabolomics. Molecular 
omic and clinical phenotype data was integrated using Bayesian artificial intelligence. A causal network 
map was generated, and regression analysis was performed using multi-omic analysis of plasma and 
buffy coat samples from Cognitively Unimpaired Controls (ND, N=50), Mild Cognitive Impaired (MCI, 
N=75), and AD (N=75) samples from the Massachusetts Alzheimer Disease Research Center’s 
longitudinal study. A total of 3,465 data features including proteomics (buffy coat and plasma), 
lipidomics (plasma), metabolomics (plasma), and clinical features were utilized for generation of the 
model network. The longitudinal time point assessment enabled dynamic modeling and identification 
of possible predictive signatures of disease progression. Several AD specific, statistically significant 
markers with relationship to clinical endpoints, such as MMMSE/MOCA, TRAILA, and days until 
cognitive decline were identified. Very Important Nodes (VIN) representing drivers of model networks 
for all patients at all time points include N-Acetylglucosamine-1-Phosphate Transferase (GNPTG; 
plasma) and Immunoglobulin kappa (IGKV1-5; buffy coat); Hepatocyte growth factor activator (HGFAC; 
plasma), and Beta-actin like protein 2 (ACTBL2; plasma) were markers of causal relevance associated 
with clinical features to infer potential biomarker utility. These biomarkers will be further examined 
with additional cohorts for bioanalytical and clinical validation to demonstrate the greatest diagnostic 
utility providing a valuable tool for the diagnosis and progression of Alzheimer’s disease (AD).
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