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Reasoning behind the predictions:

● understandable
● transparent

Main terms: Explainability and Interpretability

 Explainable AI
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Further reading:
● ^ Mihály, Héder (2023). "Explainable AI: A Brief History of the 

Concept" (PDF). ERCIM News (134): 9–10.

● Longo, Luca; et al. (2024). "Explainable Artificial Intelligence (XAI) 
2.0: A manifesto of open challenges and interdisciplinary research 
directions". Information Fusion. 106. 
doi:10.1016/j.inffus.2024.102301.

https://en.wikipedia.org/wiki/Explainable_artificial_intelligence#cite_ref-2
https://ercim-news.ercim.eu/images/stories/EN134/EN134-web.pdf
https://ercim-news.ercim.eu/images/stories/EN134/EN134-web.pdf
https://www.sciencedirect.com/science/article/pii/S1566253524000794
https://www.sciencedirect.com/science/article/pii/S1566253524000794
https://www.sciencedirect.com/science/article/pii/S1566253524000794
https://en.wikipedia.org/wiki/Doi_(identifier)
https://doi.org/10.1016%2Fj.inffus.2024.102301
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● Was first found in 1979
● Left-handed double helical structure 

(the helix winds to the left in a zigzag pattern)
● Was linked to both cancer and Alzheimerʼs 

Disease
● Still remains a mystery

Integration of omics data into DL  →

                                   → discover important associations 

 ZDNA
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Goals

● Develop a strong DL model for ZDNA 
identification

● Extract  the relevant omics features 
(biological significance) 

● Create a flexible framework suitable for 
omics data in genomic problems that 
locates biological dependencies 
determined by neural network

ZDNA CaseGlobal
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Strong Models

ROCAUC  0.958 
F1  0.81

ROCAUC  0.979 
F1  0.88

●  Indicate the presence of ZDNA in genome interval
● high quality metrics and strong prediction power

GraphMZC ConvMZC
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XAI Methods
● Gradient methods and other closely connected techniques -  

theoretical robustness
● Accuracy and faithfulness required for research in 

genomics.

Saliency

Integrated
Gradients

GNNExplainer

InputXGradients Guided 
Backpropagation Deconvolution
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1. Choose an input tensor from the interval which 
contains target

2. Get a prediction from well-pretrained model

3. Focus on True Positive regions only

Interpretation 
Pipeline
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Interpretation 
Pipeline
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4. Performing interpretation using XAI methods
    [number_of_features, 1 

5. Get an average interpretation score for a 
single algorithm
    [number_of_features, 1
    average importance score of each feature

6. Gather results for several XAI methods
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Interpretation 
Pipeline
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Feature Extraction

● Sort & intersect

● Extract 

Problem: No control

● Ranking Stage

Robust, statistical based

Naive ApproachGlobal
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Statistical based 
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 Ranking Stage 
13

1. Get the average value of an interpretation tensor for each XAI method.
2. For each item in tensor, compute the percentage deviation of its interpretation score from the 

corresponding mean for each XAI algorithm. So, the interpretation values are transformed into 
percent deviation scores now.

3. Compute the mean percentage deviation of each feature across all XAI methods. As a result, each 
feature has itʼs own ranking value.

4. Sort the list of ranking values in descending order to get the most important features in the first 
place.
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The Whole 
Research
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Currently we are preparing the paper 
to publish 
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Results

● Interpretation Pipeline + Ranking Stage = Omics Interpretation Framework

● evaluate importance of each feature and extract the most relevant of them

● we provide an implementation of our framework with a user-friendly interface

Global
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Omics Interpretation Framework
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Results

● The set suitable for training a high-quality 
model

● The 20 of 1000 top-extracted omics 
features

Training SetBiological 
Meaning
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Results
18

Training Set
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Software 
Implementation
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As a software outcome of our project, we provide an implementation of our framework
with a user-friendly interface
(the repository on Github where several folders are available)

1. CNN model framework folder
(runned notebook via link)

2. GNN model framework folder
(runned notebook via link)

3. Interpretation folder

https://github.com/aameliig/xAI_zdna_analysis
https://github.com/aameliig/xAI_zdna_analysis/tree/main/cnn%20model%20framework
https://drive.google.com/file/d/1Z-60mwBwDOLh-mb20cRpKwEYqDav9Pb1/view?usp=sharing
https://github.com/aameliig/xAI_zdna_analysis/tree/main/graph%20model%20framework
https://drive.google.com/file/d/1qYFylgA25CkhRDd-fE0GrDPQzm03oB5w/view?usp=sharing
https://github.com/aameliig/xAI_zdna_analysis/tree/main/interpretation
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Conclusion
20

In this project we :

1. Developed the flexible Omics Interpretation Framework suitable for omics data in 
genomic problems that extracts the most relevant features and locates biological 
dependencies determined by neural network

2. Created the powerful CNN- and GNN-based models ConvMZC and GraphMZC for 
ZDNA identification

3. Applied framework to ZDNA problem and extracted the relevant omics features

However, there are still more questions to be solved in the explainability of neural networks
related to bioinformatics, in particular. We will continue our research on the topic.
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Thank you!
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