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• Seminars, workshops, and journal clubs
• Broad range of topics – AI approaches in biomedical sciences
• For both experts and non-experts
• Mondays, 11AM-12PM
• Building 10, NIH Library Training Room (and virtual)
• Always looking for volunteers! 

• email oneillrs@nih.gov

AI Club

Current Schedule:

Sept 15 – Samar Samarjeet (NHLBI) – “Parallel ML Model Training, Part 1”

Sept 22 – Samar Samarjeet (NHLBI) – “Parallel ML Model Training, Part 2”

Sept 29 – Samar Samarjeet (NHLBI) – “Parallel ML Model Training, Part 3”

Oct 6 – Samar Samarjeet (NHLBI) – “Parallel ML Model Training, Part 4”

Oct 20 – Emma Campagnolo (NCI) – “AI-Driven Spatial Transcriptomics Unlocks Biomarker Discovery from Histopathology”

Nov 3 – Di Huang (NLM/NCBI) – “Investigating the Impact of Silencers on Disease Using Deep Learning”

Nov 10 – Sepideh Mazrouee (OD) – “Replicability in Biomedicine: Challenges, Causes, and Corrections”

Nov 17 – Eric Moyer (NLM/NCBI) – “Simple Questions Your RAG System Can’t Answer”

Dec 1 – Alexandra Fang (NINDS) – TBD



• Broad range of topics – AI approaches in biomedical sciences
• Poster session, talks from NIH scientists, external keynotes
• Date: Friday, May 15th, 2026 (full day)
• Location: B10, Masur Auditorium

• Michael Chiang, MD – Director of NEI

NIH Artificial Intelligence Symposium

https://www.nei.nih.gov/about/nei-leadership/michael-f-chiang



AI-driven Behavioral Phenomics in Drosophila:
A Pipeline for Rare Disease Insights

Ryan O’Neill
Bioinformatics Community Fair

September 9th, 2025



Rare Disease
Ranges from 1 in ~2,000 to “N-of-1”

Collectively, all rare diseases affect many
Up to 1 in 10 people affected

25-30 million Americans affected
7,000 to 10,000 distinct conditions



Drosophila has been widely used to model rare diseases

ABCA2
ACOX1
ACSM5
APEX1
ARHGEF17
ATP5F1D
BICRA
CACNA1A
CACNA1C
CACNA1E
CLCN7
CNTNAP1
COL5A1
CUL1
DMXL1
DROSHA
EBF3
EIF2AK1
EIF2AK2
ETS1

FBXO32
GNAO1
GPC4
GRB10
HNRNPC
IRF2BPL
LZTR1
MADD
MED12
MRPS12
MTA3
MYH11
NACC1
NCOA2
NOTCH3
NR5A1
NRBP1
NUDT11
PHB
PIP5K1C

POLR1B
RNF2
RYBP
RYR3
SCN4A
SETD5
SETX
SHROOM2
SLC12A5
SPTBN1
TANC2
TBX2
TBX3
TNS3
USP7
WDR37
WNT9B
WWP1
XRN1

Disorder Suppressor Drugs Reference

NGLY1 deficiency 17 Hope et al. 2022 PLoS Genet. PMID: 35653343

DPAGT1-CDG 42 Dalton et al. 2024 PLoS Genet. PMID: 39466823

FAM177A1-related disorder 33 unpublished (DROS25)

MAN1B1-CDG 50 unpublished (DROS25)

SYNGAP1-related disorder not reported unpublished

Suppressors

Enhancers

Clement Chow Lab
Drug repurposing screens



PC1

PC
2

Control

Mutant

Mutant + 
treatment

Rare Disease Phenotyping Pipeline

Clinicians

Patients

Candidate 
Genes

Behavioral 
Phenotyping

Screening
FDA-approved drugs

Genetic modifiers

Genes of Interest

Fly Model
Humanization

Patient mutations



AI-driven Behavioral Phenotyping

Behavioral 
Recordings

AI-assisted Analysis 
and Embedding

Building a recording 
platform

Building an AI-based 
analysis pipeline



6 Flies/camera x 25 cameras = 150 flies simultaneous recording

Built in collaboration with NIBIB – Ghadi Salem, Marcial Garmendia-Cedillos, Peter Donley

Imaging 
Box

RPi Box

Instrument 
Controller

High-throughput Recording Platform



600 x 600 px, 40 fps, ~30 min per movie

DeepLabCut
Keypoint tracking via deep learning
• 5000+ annotated frames

• 8 diverse-looking phenotypes

• ~6.5 pixels average error

Front/Back (for centroid + angle)
Eyes
Head (ocelli, antennae, mouthparts)
Thorax (top, sides, bottom)
Abdomen (top, sides, bottom, terminus)
Legs
Wingtips

Movie to data pipeline – Keypoint Tracking



Body part tracking
30 Keypoints

Feature Engineering

(0, 0)

Position/angle correction

x

Lengths

Tip-Joint

Joint-
CentroidTip-Centroid

Wing-
CentroidWing-Wing

Log Likelihood Ratios

L/R ~0
R/L ~0

T/B +++
B/T ---

Angles

Leg-Cent.-
Leg

Wing-Cent.-Wing

x
829 features per frame

62500 frames per movie

Raw Keypoints data
(x, y, likelihood)

(0, 0)

AI-based analysis
1. Behavior Label 

Prediction

2. Genotype Embedding

Movie to data pipeline – Data Correction and Feature Engineering



1. Behavior Label Prediction:
• Train a network to give a 

behavior label to every 
frame of a movie

• Analyze the behavior tracks

• Standing
• Walking
• Jumping
• Scrambling
• Groom – Head
• Groom – Front Legs
• Groom – Side Leg
• Groom – Wings
• Groom – Abdomen
• Groom – Back Legs

Hypothesis: 
Mutations cause behavioral changes



                                 

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 
  

 
  

 
  

   

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 
  

 
  

 

 

 

 

 

 

 

 

 

 

 

    

 
 
 
 
   

  
 
  

 
 
 
     

 
 
 
  
 
    

   
 
   

 

   

           

             

      

               

      

 
   
  
 
   

 
 
   

  
 
 
 

  
 
 
  
 
 
 
 
  

               

               

                   

                             

             

                 

                  

     
        

              
                   

             
       

         
         

                  
          

 
  
  
  
 
  
 
 
 

Behavior 
Label

Behavior Labeling Neural Network Architecture



Dataset Ablation Reveals Critical Input Features
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Overall Validation 
Accuracy = 0.842

Behavior Labeling Accuracy

Groom- Groom- Groom- Groom-
Head

Groom-
SideLeg

Groom-
Wings Jump

-Abdomen

-BackLegs

-FrontLegs

-Head

-SideLeg

-Wings

Ceiling Floor
Wall-
Down - -

-Down

-Side

-Up

G
ro

un
d 

Tr
ut

h

Prediction

G
ro

un
d 

Tr
ut

h

Prediction

Recall

Precision



Behavior Label Prediction Can Reveal Differences Between Genotypes
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2. Genotype Embedding:
• Allow the AI to determine the distinguishing 

features between genotypes

• Create a “map” linking behaviors to genotypes

Hypothesis: 
Mutations cause behavioral changes



PC1

PC
2

Control

Mutant

Mutant + 
treatment

Mutant

Control

Mutant + 
treatment

Au
to
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vs.

vs.

Identify treatments that make 
mutant more “control-like”

AI
-b
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Train a neural network that maps behavior to genotype, allowing for suppressor screens

AI-based Analysis – Genotype embedding



                          

                                
                               

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 

 

 

 

 

 

 

 

 

     
 
 
 
   

  
 
  

 

 
 
     

 
 
 
 

 
 
    

   
 
   

 

   

 
 
    

 
 
 
  
  
 
   
 
 
   
 
 
 
 
 
 
 

               

               

              

                             

             

              

                  

              

                   

             

        

       

             

            
     

    

    

 
 
 
 
 
  

 
 
 
 
 
  

 
 
 
 
 
  

 
 
 
 
   

  
 
  

 

 
 
     

 
 
 
 

 
 
    

   
 
   

 

 
 
 
 
   

  
 
  

 

 
 
     

 
 
 
 

 
 
    

   
 
   

 

   

   

 

 

 

   
      

 
 
 
 
   

  
 
  

 

 
 
     

 
 
 
  
 
    

   
 
   

 

   
     

                 
            

             

        

       

 
  
  
  
 
  
 
 
 

Embedding

Genotype 
Prediction

AI-based Analysis – Genotype Embedding Neural Network Architecture



Network trained on 6 mutants (plus controls) – embedded into 512-dimensional space
~4000 flies, ~3500 hours of video

Frmd5

Acox1

mim

spd-2

traip

Uba5

controls

AI-based Analysis – Genotype Embedding network, initial results



Summary

Rusan Lab is developing a 
phenotyping core for Rare Disease

• Humanized Drosophila disease modeling

• Scalable platforms for direct recording

• AI-based analysis for suppressor screens

Clinicians

Patients

Candidate 
Genes

Phenotyping

Screening

Genes of Interest

Fly Model
Humanization

Patient mutations
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Join Artificial Intelligence Interest Group (AIIG):
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