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WHY DO WE NEED 
EXPLAINABLE AI 
(XAI)

#1



EXPLAINABLE AI MARKET SIZE

Source of the image: https://www.grandviewresearch.com/industry-analysis/explainable-ai-market-report

Growing Market Size And Healthcare Market Share



© www.sciencemag.org/

GOOGLE GENDER BIAS

Source of the image: google (October 2024)



© www.sciencemag.org/
© www.sciencemag.org/

CHATGPT GENDER BIAS

Source of the image: ChatGPT

Design 4 images depicting a professorDesign 4 images depicting a CEO of an IT company



The Gender Shades project: http://gendershades.org/overview.html

BIAS: THE GENDER SHADES PROJECT AUDITS FIVE FACE RECOGNITION TECHNOLOGIES

• Darker faces: 93.6% misgendered by Microsoft
• Female faces: 95.9% misgendered by Face++



AI-BASED UNDERDIAGNOSIS OF CHEST X-RAY IMAGES 

• False prediction of health status in underserved

populations:

➢ Females

➢ Patients < 20 years

➢ Afroamericans & Hispanics

➢ Medicaid recipients

• State-of-the-art computer vision techniques (121-layer

DenseNet)

• Three large publicly-available radiology datasets (MIMIC-

CXR, CheXpert, ChestX-ray)

• Lack of real-world testing & evaluation on different

demographic groups is common practice (e.g. Epic Sepsis

Model)

Seyyed-Kalantari et al. 2021



ETHNIC DISCRIMINATION IN GENOMICS-BASED DIAGNOSIS FOR CARDIOMYOPATHY 

Manrai et al. 2016



Artificial Intelligence: IT systems with human-like behavior – based on statistical & 
mathematical models

ML

DL

Rule-
based 

systems

"Field of study that gives 
computers the ability to 
learn without being 
explicitly programmed“ 
(Arthur Samuel -1959)

AI AND ML – DATA DRIVEN ENABLERS

Gen 
AI



1. Hypothesis 2. Experiment 3. Data collection 4. Data analysis 5. Validation 

1. Big Data 
Integration 2. Data mining

4. Hypothesis 
generation

5. Validation 3. Pattern recognition

THE END OF THEORY – FROM DEDUCTION TO INDUCTION

Deduction

Induction



Empirical 
Science
1st Paradigm

Theoretical 
Science
2nd Paradigm

Computational 
Science
3rd Paradigm

(Big) Data-driven 
Science
4th Paradigm

• Observations
• Experimentation

• Scientific laws
• Physics, biology, 

chemistry etc.
• Electrodynamics

• Simulations
• Molecular 

dynamics
• Mechanistic 

models

• Big Data & ML
• Data mining
• Anomaly & pattern 

detection

1600s 1950 2000

Source adapted from: Pyzer-Knapp et al. 2022 

THE FOURTH SCIENTIFIC PARADIGM: BIG-DATA DRIVEN SCIENCE



Completeness

Consistency

Conformity

Plausibility

Integrity

Timeliness

• Congruent with reality
• Sufficient granularity

• Consistency with 
reference data

• Comparable across 
systems

• Unambiguous data

• Representative 
• Missing data

• In agreement with 
historical data

• Timely
• Precise

DATA QUALITY



Source of the image Finlayson et al (2018)

ADVERSERIAL ATTACKS



THE NEED FOR XAI: BIASED MODELS 

Source of the image: Hendrycks et al. 2019



DL/ML 
Squamous 
cell lung 
carcinoma Blackbox

• Why?!
• How accurate?
• Which confidence 

interval?
• Under which 

conditions can I trust?

• Responsibibility?
• Liability?
• Control?
• Role of GP?

Immune checkpoint 
inhibition + 
chemotherapy

THE BLACKBOX PROBLEM: MEDICAL DIAGNOSIS



Control Liability

Improvement Ethics

XAI

• EU AI Act: transparency 
& human oversight

• GDPR: right to obtain 
explanations

•  Replication & 
transfer

• Generalization
• Learning

• Bias
• Fairness
• Autonomy 

• Verification
• Comprehension 
• Robustness 

FOUR PRIMARY ASPECTS 



XAI CONCEPTS

#2



Causality

Causability

Interpretability 

Explainability

Algorithmic/ 
model 

understanding

Cause and effect

Human understanding of 
features and outputs

Understanding & usability of 
certain causal relationships

Local versus global

Posthoc versus antehoc

XAI: DEFINITIONS



Post-hoc XAI Ante-hoc XAI

Local 
XAI

Global XAI
Local 

XAI

1. Input Pertubation
2. Gradient Method
3. Simplification

• Decision Trees
• Logistic Regression
• RBS
• Bayesian Models
• GAMs

1. Verbal decision path
2. Sabaas Attribution
3. Gain importance

• AutoEncoders
• Convolutional Neural 

Networks (CNNs)
• Recurrent Neural 

Networks (RNNs)

Model is 
interpretable 

• Interaction effects
• Computationally intense
• ≠ Overlap
• ≠ Ground Truth

• Unsuitable  for ensemble 
methods

• Biased for tree depth

Criteria:
• Simulatability
• Decomposability
• Algorithmic 

transparency

Source of the image: Schwerk (2023)

POSTHOC VERSUS ANTEHOC XAI



Valdes et al. 2016

▪ Only 2 local XAI:
▪ Sabaas: Inconsistency of feature attribution methods
▪ Decision path: Inadequate for multiple trees 

Decision Path: 
Tumor shows no uniform cell shapes → but >3 cells 
with uniform cell sizes → no bland chromatin → 
benign breast cancer 

ANTEHOC XAI: DECISION TREES

Valdes et al. 2016



Occlusion
 

Occlusion
 

Lime
 

 

• Computationally intense 
• Bias of occlusion/superpixel size
• Interaction effects

• Image is divided into superpixels
• Randomly activate superpixel (n times)
• Predict outcome of pertubed data
• Regression model of pertubed data
• Heatmap regression weights (weights= proximity of 

predictions to output)

Source of the image:http://blog.qure.ai/notes/visualizing_deep_learning

POSTHOC XAI : OCCLUSION AND LIME FOR CHEST X-RAY OF PLEURA EFFLUX

26



POSTHOC XAI : SHAPLEY VALUES

https://towardsdatascience.com/shap-shapley-additive-explanations-5a2a271ed9c3, https://christophm.github.io/interpretable-ml-book/shapley.html#advantages-16

Benefits

• Only XAI that allows a fair effect distribution (interaction 
effects)

• Allows prediction comparisons to subset (not only average)

• Rooted in Game Theory: average expected marginal 
contribution to model decision after accounting for all 
possible combinations 

• Model agnostic

Drawbacks

• Independency assumption

• No prediction model

• Data completeness: not suitable for sparse distributions 

• NP hard problem (can only be approximated)

https://towardsdatascience.com/shap-shapley-additive-explanations-5a2a271ed9c3
https://towardsdatascience.com/shap-shapley-additive-explanations-5a2a271ed9c3
https://towardsdatascience.com/shap-shapley-additive-explanations-5a2a271ed9c3
https://towardsdatascience.com/shap-shapley-additive-explanations-5a2a271ed9c3
https://towardsdatascience.com/shap-shapley-additive-explanations-5a2a271ed9c3
https://towardsdatascience.com/shap-shapley-additive-explanations-5a2a271ed9c3
https://towardsdatascience.com/shap-shapley-additive-explanations-5a2a271ed9c3
https://towardsdatascience.com/shap-shapley-additive-explanations-5a2a271ed9c3
https://towardsdatascience.com/shap-shapley-additive-explanations-5a2a271ed9c3


XAI EXAMPLES

#3



▪ Correct prediction but wrong features

▪ Shows selection of non-representative 

data for model training 

▪ Non-expert proof (graduate students)

▪ Allows for specific feature engineering 

and model improvement

▪ Leads to generalizability & robustness

XAI EXAMPLES: MODEL UNDERSTANDING & IMPROVEMENT

Ribeiro et al. 2016



Bach et al. 2015

XAI EXAMPLES: : MODEL UNDERSTANDING & IMPROVEMENT



Lundberg et al. 2020

Improve interpretability of 
tree-based models:
1. Polynomial time algorithm to 

compute SHAP values
2. XAI for local feature 

interactions
3. Global XAI through combining 

many local explanations

➢ 3 ML models
➢ 3 medical data sets
➢ Human consensus
➢ 15 metrics to evaluate 

performance

XAI EXAMPLES: KNOWLEDGE GENERATION

3 CPU years  for 
interacting 

shapley value



Systolic blood pressure 
effect  on mortality risk 

varies with age

Lundberg et al. 2020

XAI EXAMPLES: SHAP INTERACTION VALUES FOR NOVEL INSIGHTS 

Differential risk of men and 
women changes over their 

lifetimes



WBC more concerning 
when accompanied by 

high blood nitrogen

XAI EXAMPLES: SHAP INTERACTION VALUES FOR NOVEL INSIGHTS 

Lundberg et al. 2020



▪ EHR Data + vital signs (n= 163.050) 

▪ Real-time assessment

▪ Accounts for time effects: 24h

▪ Prediction: Temporal 

convolutional network (TCN)

▪ XAI: Deep  Taylor  Decomposition  

▪ Global and local XAI (time effects )

XAI EXAMPLE: TIME DEPENDENT DATA

Lauritsen et al. 2020



▪ EHR Data + vital signs (n= 163.050) 

▪ Real-time assessment

▪ Accounts for time effects: 24h

▪ Prediction: Temporal 

convolutional network (TCN)

▪ XAI: Deep  Taylor  Decomposition  

▪ Global and local XAI (time effects )

XAI EXAMPLE: TIME DEPENDENT DATA

Lauritsen et al. 2020



Tang et al. 2021

▪ Feature vectors from 

pretrained CheXNet CNN

▪ Approximation of SVs 

based on Monte-Carlo 

sampling

▪ Logistic regression for 

pneumonia detection

▪ 3 radiologists for 

verification

▪ 2500 chest X ray images 

from ChestX-ray14

XAI EXAMPLES: SHAPLEY VALUES FOR LEVERAGING DATA QUALITY IN PNEUMONIA PREDICTION



Tang et al. 2021

▪ Removing data with high 

SVs decreased 

performance

▪ Removing data with low 

SVs improved 

performance

▪ Low SVs indicate 

mislabels and poor image 

quality
→ Insights into relevant features for model performance
→Scalable data cleaning

XAI EXAMPLES: SHAPLEY VALUES FOR LEVERAGING DATA QUALITY IN PNEUMONIA PREDICTION

Tang et al. 2021



XAI EXAMPLE: AFFECTIVE COMPUTING OF MULTIMODAL DATA  

Research Project Phantomatrix: 

• Multi-model ML to classify emotions without 
gender / cultural bias

• VR environments to evoke specific emotions 
• FDA cleared wearable for data streams 

• Research Questions:
• Can emotions be classified by ML to 

construct new VR scenes?
• How do individual differences, such as 

cultural backgrounds or gender affect 
emotion classification?

• Can XAI explain emotion classification 
from multi-modal and time-dependent 
data?

• Can XAI be used to detect gender / culture 
specific effects?



XAI EXAMPLE: AFFECTIVE COMPUTING OF MULTIMODAL DATA 

Weitz et al. 2019

• Emotion are highly dependent on 
cultural backgrounds and gender 

• XAI can help to:
- Guide feature engineering
- Indicate the need to remove bias
- Finding anomalous cases (clustering)
- Remove bias: Effect of features like age, 

race and gender, are summed up and 
subtracted from the prediction

➢ Create a bias-free general affect 
model

➢ Find an intuitive way to visualize 
explanations



XAI CHALLENGES

#4



Effectiveness Content

PsychologyBackground

▪ Interactive (HitL)
▪ Flexible 
▪ Individualized 

• Improved outcomes

• Utility
• Errors
• User Satisfaction

• Causal relations
• Limitations
• Low 

dimensional
• Format

• Mental model 
• Logic
• Clear & complete
• Example-based

• Time
• Stress
• Noise
• User-specific

WHAT DEFINES A HUMAN UNDERSTANDABLE EXPLANATION?

Explanation 
Interface



Data collection

Data wrangling

Feature 
engineering

Algorithm 
optimization

Model training

(Cross)validation

Deployment

• Overfitting?
• Selection criteria?

• Sampling bias 
• Labeling bias

• Representative 
data?

• Error analysis?

• User satisfaction?
• Equal: TPs? FPs? 

FNs?

• Standardized 
cleaning

• Data lineage

• Optimization based 
on efficiency?

• Fairness constraints

• Suitable outcome 
metrics?

• Model robustness 
(AA)?

TRANSPARENCY IS MORE THAN EXPLAINABLE MODELS: AI PIPELINE BIAS

Source of the image: Schwerk (2023)



Performant 
AI-models frequently 
have more than 100 

Millionen parameters

NLP & Computer Vision 
White-Box-models show the 

largest performance gaps

TRADEOFF: INTERPRETABILITY, COMPLEXITY AND ACCURACY 

Bologna & Hayashi, 2017 ; https://empirischtech.at/explainable



https://explainer.ai/

A MULTITUDE OF POSTHOC XAI AND LITTLE OVERLAP 



XAI CHALLENGES: LLMS & XAI

Zhao et al. (2024); Barman et al. (2024)

Unrevealed training corpora: many sources and unclear 
weighting 

Many endusers, tasks & sustainability: 
Many users and tasks: hard to tailor XAI, energy consumption, 

water and CO2 

Bias & consistency: biased data, hallucinations, toxic output, 
unreproducible content

Many levels of training & alignment: RLHF, unclear which 
values are universally accepted, 



XAI CHALLENGE: AGENTIC AI

• Non-determinism: The same prompt can 

lead to different results.

• Long reasoning chains: Many intermediate 

steps and dynamic decisions.

• Tool/environment black boxes: Third-party 

tools, external APIs.

• Multi-agent dynamics: Interaction effects, 

emergent behavior, diffuse responsibilities.

• Self-modification: reinforcement learning,  

tool changes

• Non-transparent governance layers: system 

prompts, guardrails interact unpredictably

• Real-time decision-making: 

Machine-Speed XAI Gartner: 

• 2024: <1 % of all enterprise implementations use Agentic AI

• 2028: 33 % will use Agentic AI



XAI & SUSTAINABILITY

#5



THE SUSTAINABILITY ISSUE OF XAI

XAI algorithms consider the explanation 
process an additional step alongside the 
prediction:

• Computational costs 
(Lundberg et al. 2020: 3 CPU years for interacting SVs)

• Energy / water consumption

• CO2 emission

• Time overhead



LIFE-CYCLE ENERGY AND CARBON FOOTPRINTS OF LLM

Jiang et al. 2024

• The final training run of GPT-3 with 175 billion parameters consumes 1287 MW·h of electricity with a carbon footprint of 552 tCO2-eq
• The final training run of GPT-4 with 1 Trillion parameters consumes 7200 MW·h of electricity with a carbon footprint of 3088 tCO2-eq



THREE WAYS TO COUNTERACT XAI EFFECTS ON SUSTAINABILITY 

Algorithm Optimization
1

• Computing exact SV is NP-hard, as it 
requires summing over all possible feature 
subsets (2^M combinations).

→ 30 features = > 1 billion subsets

• Lundberg et al. (2020) 

➢ Restructured the computation for tree 
ensembles, reducing complexity from 
exponential to low-order polynomial 
time.

➢ Instead of iterating over all subsets, 
TreeExplainer recursively tracks the 
proportion of all feature subsets that flow 
to each leaf node — effectively simulating
all subsets simultaneously.

Hardware optimization
2

• GPUTreeShap: an adaptation of the 
TreeShap algorithm optimized for massively 
parallel processing of XAI algorithms on 
GPUs (Mitchell et al. 2022 )

• Hardware architecture tailored to enhance 
XAI performance in graph-convolutional 
networks using field-programmable 
gatearrays (FPGAs) (Zhou et al. 2022).

• XAIedge: energy-aware fine-tuned 
approximate computing into the XAI 
algorithms with parallel hardware 
acceleration (TPUs) (Siddique et al. 2025).

Feature engineering

• SHAP-based attributions can identify 
redundant or low-impact features, 
allowing models to be simplified without 
significant performance loss — reducing 
computational costs.

• Detecting feature interactions helps design 
leaner models by removing correlated or 
redundant inputs, minimizing both training 
and inference resource use.

• Revealing features that cause instability, 
bias, or overfitting enables targeted 
removal or reweighting, improving model 
robustness and reducing unnecessary 
retraining cycles.

3

4) Using XAI for prediction models on sustainability ☺



Approach

SHAP values to interpret how 
vehicle attributes influence 
emissions

High predictive accuracy: R² of 
0.9938, outperforming other models 
(e.g., LSTM, BiLSTM, XGBoost)

Custom Deep Learning Model 
(CarbonMLP) to predict the carbon 
footprint (CO₂ emissions) of 

vehicles 

Trained on a dataset of 7,385 
vehicles from Canada’s open 
government database

SUSTAINABILITY PREDICTIONS WITH XAI: 
CARBON FOOTPRINT (CO₂ EMISSIONS) PREDICTION OF VEHICLES USING SHAP

Alam et al. 2025



CARBON FOOTPRINT (CO₂ EMISSIONS) PREDICTION OF VEHICLES USING SHAP

SHAP Summary Plot
Global feature importance 
across all predictions

→ Fuel consumption had 
the strongest positive 
impact on CO₂ emissions; 
followed by fuel type. 



CARBON FOOTPRINT (CO₂ EMISSIONS) PREDICTION OF VEHICLES USING SHAP

SHAP Waterfall Plot

Explains individual 
predictions for specific 
vehicles. 

Demonstrates how specific 
features raise or lower a 
single vehicle’s CO₂ 
prediction relative to a 
baseline.



Jean-Quartier et al. 2023

FEATURE ENGINEERING: THE COST OF UNDERSTANDING—XAI ALGORITHMS TOWARDS SUSTAINABLE ML IN THE VIEW OF COMPUTATIONAL COST

Method: 

• Compared SHAP-based feature importance with 

Recursive Feature Elimination (RFE) 

• SHAP values: to rank features by model contribution

• The top-ranked features were then retained for training

Outcome:

• Random Forest & Decision Tree:  SHAP-based 

selection produced similar or better performance than 

RFE but with lower energy consumption and shorter 

training time.

• Deep learning (YOLOv5): SHAP XAI were 

computationally costly because of the need to 

calculate localized image attributions, leading to 

higher overall energy use.



Novielli et al., 2025)

FEATURE TRANSFORMATION: LEVERAGING EXPLAINABLE AI TO PREDICT SOIL 
RESPIRATION SENSITIVITY  (Q10) AND ITS DRIVERS FOR CLIMATE CHANGE MITIGATION

Approach

• Global dataset of 332 soil samples 

from 29 countries containing 27 

environmental, biochemical, and 

microbiome features

• Extra Trees Classifier distinguishes 

between high and low Q10 soils

• SHAP for:

1. Revealing key drivers of soil CO₂ 

sensitivity (e.g., microbial biomass, 

carbon content) (post-hoc)

2. SHAP-based embeddings, t-SNE 

visualizations showed clearer 

separations between high- and low-

Q₁₀ soils than using raw features.



Novielli et al., 2025)

LEVERAGING EXPLAINABLE AI TO PREDICT SOIL RESPIRATION SENSITIVITY  (Q10) AND
ITS DRIVERS FOR CLIMATE CHANGE MITIGATION

SHAP summary plot of feature importance in predicting 
Q10 sensitivity: most influential predictors : 

“Bacteria_Positive” and “Microbial_Biomass

SHAP value-based T-SNE projections showing improved 
separation of high Q10 and low Q10 soils



TAKE-HOME-
MESSAGE

#6



XAI HAS MANY FACETS 

XAI as a collaborative 
tool

XAI for sustainability

XAI to ensure 
fairness, liability and 

robustness

XAI as knowledge 
mediator



THANK 
YOU FOR 
YOUR
ATTENTION
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