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I. Introduction 
Artificial intelligence (AI)- based solutions are being increasingly integrated into the workflow 
of clinicians and enabling certain aspects of healthcare to be more accessible. Even though 
high-performance of models are one of the criteria for selecting and validating the candidate 
models for deployment, performance metrics are not enough by themselves. For an AI-model 
to be deemed trustworthy and dependable by clinicians they should be also be at least locally 
explainable, and their performance and working be reliable. Reliability of AI models not only 
depend on what features most influenced the AI models’ decisions (AI Explainability), but also 
how the robust the models are across different problem complexities, be it with regards to 
learning from data of suboptimal quality (limited number of instances, significant amount of 
missingness, presence of bias) or  due to the algorithm’s own instability (due to running into 
local minima, being operational across only a narrow range of hyperparameters, sensitive to 
variation of certain types of data, numerical error), or the due to the difference in the 
development and deployment environment and the difference in availability of resources in 
both. Using uncertainty quantification and model evaluation tools we can assess the 
robustness of AI models, and identify the sources of bias and potential vulnerabilities(Begoli, 
Bhattacharya, and Kusnezov 2019; Caldeira and Nord 2021; Varoquaux and Colliot 2023). In 
this deliverable document we discuss only those evaluation and uncertainty quantification 
metrices which have been applied by DAIsy work-package 4 (WP4) partners only, and is thus 
non-exhaustive. 

II. Model evaluation 
Model evaluation metrics express how good or reliable a model is, in terms of their 
performance for a task. They are used for not only model selection, but even for model building 
stages, such as for hyperparameter optimization and feature selection (in statistical learning) 
(Raschka 2018). Based on the complexities of the input data and the interest of domain experts 
and end-users, selection of model performance metrics vary across use-cases, even if the 
technical task is the same. AI-model developers and users often compare multiple 
performance metrics to investigate the reliability of a model, as different performance metric 
capture different aspects of the model's decision(Rainio, Teuho, and Klén 2024; Raschka 2018; 
Varoquaux and Colliot 2023). However, further complications arise when two or more selected 
performance metrics are contradictory to each other, for example, high accuracy but low F-1 
score, or low classwise accuracy for one class but high for another, in multi-class classification 
tasks.  

Performance metrics for statistical models, ‘traditional’ machine learning, and deep learning 
models, for classification or regression tasks (including for object or event detection, prediction, 
event-to-date prediction) or clustering tasks differ considerably from that required for 
evaluating generative AI models, such quality of text generated by Large language models 
(LLMs) as summary of a session between patient and therapist, or a magnetic resonance or 
computed tomography (clinical) image reconstructed by generative adversarial networks 
(GANs)(Park et al. 2023; Park, Han, and Lee 2024). 
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Fig- 1: Evaluation metrics per task (excerpt from Fig.3 of Rainio O, Teuho J et al 2024) 

In this section we discuss the role of performance metrics in AI/ML model evaluation and 
thereby inferring results from the models. 

A. Evaluating statistical, machine learning, and deep learning models 
Within DAIsy the following evaluation metrices have been used on machine learning (including 
deep learning) models. 

1. Statistical metrics  
a. t-tests is used to evaluate if the difference between two groups is statistically 

significant. It works under the assumption that variable being compared across the 
group is normally distributed and its variability is same across the groups(Nikolaou 
2016). 

b. Analysis of Variance (ANOVA) is used to evaluate if the difference between three 
or more groups are statistically significant, based on the group means of a single 
variable. Thus it is a more generalizable variant of t-test(Nikolaou 2016). 

c. Multivariate ANOVA (MANOVA) is similar to ANOVA, except the group means are 
based on multiple dependent variables.  

d. Correlation coefficients gives the measure of strength of linear association 
between two variables that are independent, continuous and satisfy homogeneity 
of variance criteria. While Pearson coefficient require that the variable is normally 
distributed, Spearman is applicable for variables that are not normally 
distributed(Nikolaou 2016). 

2. Classification performance metrics 
a. Accuracy: measures the proportion of correct predictions out of all predictions 

made. It reflects model performance at a single classification threshold (which is by 
default 0.5 in Scikit-learn’s prediction functions). However, focusing solely on 
accuracy can be misleading if the dataset is imbalanced.  

b. Sensitivity, specificity,  precision, Area-under the ROC curve:  
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- True positive rate (TPR), also called sensitivity or recall, measures how 
effectively the model identifies positive instances  𝑇𝑃𝑅 =

்௥௨௘ ௉௢௦௜௧௜௩௘௦ (்௉)

்௥௨௘ ௉௢௦௜௧௜௩௘௦ (்௉)ାி  ே௘௚௔௧௜௩௘௦ (ிே)
 .  

- False positive rate (FPR) indicates how often the model incorrectly labels 
negative instances as positive and is given by FPR, where, 

 𝐹𝑃𝑅 =
ி௔௟௦௘ ௉௢௦௜௧௜௩௘௦ (ி௉)

ி௔௟௦௘ ௉௢௦௜௧௜௩௘௦ (்௉)ା்௥௨௘ ே௘௚௔௧௜௩௘௦ (்ே)
.   

- Specificity or true negative rate (TNR) is the measure of how well a model is 

able to identify true negatives (TN), i.e.,  𝑇𝑁𝑅 =
்ே

்ேାி
.  

- Area under the ROC curve (AUC) captures the model’s ability to distinguish 
between positive and negative classes at various threshold settings, providing 
a single value (ranging from 0 to 1) that summarizes this discriminative 
capability—higher AUC values indicate stronger performance. Consequently, 
the AUC balances the trade-off between TPR and FPR across different 
thresholds. It is also referred to as the C-statistic.  

- Precision or positive predictive value (PPV) is given by  𝑃𝑃𝑉 =
்௉

்௉ାி௉
. 

- F1-score is the harmonic mean of precision and recall, where a score of 0 
indicates worst and that of 1 indicates the best performance.  

c. Top k accuracy: It is a metric similar to accuracy, except the classification is 
deemed correct as long as the prediction probability score of the correct class is 
among the k top probability scores.  

d. Classwise accuracy and balanced accuracy: In a multi-class classification 
problem instead of overall accuracy, the classification accuracy per class is 
evaluated. Balanced accuracy (BA/ bAcc) is given by  

 𝐵𝐴 =
ௌ௘௡௦௜௧௜௩௜௧௬ାௌ௣௘௖௜௙௜௖௜௧௬

ଶ
.  

The evaluation metrices sensitivity, specificity, precision, AUC, F1-score, BA, and 
Class-wise accuracy can account for inherent class imbalance. However while the 
first five of these are more suited for binary class classification, the last two and top 
k accuracy can handle multi-class classification.  
 

TU/e used class-wise accuracy corresponding to the class with minimum number of 
samples (most difficult class), for hyperparameter selection. Thereafter, class-wise 
accuracies, macro-averaged accuracy (average of all classwise accuracies), class-
wise AUC and macro-averaged classwise AUC were used to evaluate the 
discrimination performance of classifier models that trained on the baseline data of 
Eating Disorder patients from GGz OB. AMC used predictive performance metrices 
like bAcc, AUROC, sensitivity and specificity to report the performance of their models 
for antidepressant response prediction for depression (Poirot n.d.) and in prediction of 
response to methylphenidate for ADHD(Chen et al. 2025).  
ARD Group used balanced accuracy during nested cross-validation to select model 
hyper-parameters on the imbalanced bipolar vs. unipolar dataset. Final performance 
was reported with class-wise recall (sensitivity), specificity, macro-averaged F1-score, 
and ROC-AUC, providing a balanced view of both class discrimination and overall 
model reliability. 
 

3. Regression performance metrics 

Mean square error  (MSE) and Mean average error (MAE) are indications of how far off 
the predictions are. While the MAE calculates an absolute error of the predictions, the 
MSE penalizes outliers harder(Carvalho, Pereira, and Cardoso 2019; Rainio et al. 2024). 
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a. MSE = 
ଵ

ே
∑ (𝑥௜ − 𝑥పෝ )ଶே

௜ୀ଴  

b. MAE = 
ଵ

ே
∑ |𝑥௜ − 𝑥పෝ |ே

௜ୀ଴  

 

5M Software used these metrics when evaluating the volume predicted by the food 
volume models. 

4. Metrics related to clustering 
Silhouette coefficient is a measure of how well the generated clusters are defined. It is 

given by 𝑆 =
ଵ

ே
ቀ

(௕೔ି௔೔)

୫ୟ୶(௕೔,௔೔)
ቁ, where 𝑖 ∈ [1, 𝑁], i refers to sample-i, 𝑎௜ is the average 

dissimilarity of sample-i to all other members of its assigned cluster, and  𝑏௜ is the 
dissimilarity between sample-i and members of all clusters except the cluster where 
sample-i belongs. The value ranges from –1 to 1, where a value close to 1 indicates better 
quality of clusters (well separated), and a negative value indicates overlapping and poorly 
defined clusters(Tan et al. n.d.). 

TU/e used this metric to find hyperparameters (number of clusters) and evaluate cluster 
quality for clinical profiling of Eating disorder patients of GGz OB, based on their baseline 
data. 

 

B. Evaluating LLMs and other Generative AI 
A broad spectrum of evaluation metrics has been employed to assess the performance of LLMs 
and GenAI across various healthcare and summarization tasks(Abbasian et al. 2024; Chang 
et al. 2024; Hu and Zhou 2024; Wang et al. n.d.). Within DAIsy the following evaluation metrics, 
either individually, or in combination, have been used. 

1. Reference-based metrics 
These metrics include Word Error Rate (WER), BLEU, ROUGE, Meteor, and BERT-score, 
which are applied to transcription quality and summarization tasks, offering quantitative 
comparisons to human-annotated ground truth.  

a. Word error rate (WER): When word sequence hypothesised by automatic speech 
recognition(ASR) system is aligned with a reference transcription, the number of errors 
is computed as follows: 

𝑊𝐸𝑅 =
𝐼 + 𝐷 + 𝑆

𝑁
× 100 

Where S=sum of substitutions, I=insertions, D=deletions, and N=total words in the 
reference transcription(Ali and Renals n.d.). 

b. Bilingual Evaluation Understudy (BLEU) is a widely used metric for evaluation of 
quality of text that is machine translated (thus generated) from a different 
language(Papineni et al. n.d.; Zhang et al. n.d.).  

c. Recall-Oriented Understudy for Gisting Evaluation (ROGUE) is a measure of the 
quality of a machine generated summary by comparing to other (ideal, reference) 
human generated summaries(Lin n.d.).  

d. Metric for Evaluation of Translation with Explicit Ordering (METEOR): Based on 
harmonic mean of unigram precision and recall, this metric, like BLEU, evaluates the 
quality of machine translated outputs(Banerjee and Lavie 2005; Zhang et al. n.d.).  

e. BERTscore introduced in (Zhang et al. n.d.) evaluates the quality of generated text by 
comparing cosine similarity between generated sentence and reference sentence. 
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2. Diarization Error Rate (DER)  
The DER is used specifically for evaluating speaker diarization (which is the combination 
of speaker segmentation and identification). It is given by  

𝐷𝐸𝑅 =
௙௔௟௦௘ ௔௟௔௥௠ା௠௜௦௦௘ௗ ௗ௘௧௘௖௧௜௢௡ା௖௢௡௙௨௦௜௢௡

௧௢௧௔௟
, where false alarm refers to the detection of 

non-speech duration as speech, missed detection refers to the reverse of it, confusion 
refers to assigning a speech segment to the incorrect speaker, and total is the total duration 
of speech segments across all speakers(Galibert 2013). 

3. LLM-as-a-Judge and Ground Truth Evaluation 

This metric serve as model-based and human-annotated approaches, respectively, to 
assess tasks like summarization and fact recall(Gu et al. n.d.; Zheng et al. n.d.). 

4. Retrieval-augmented generation (RAG)  
In RAG contexts, metrics like Top-K hit rate, Precision@K, and answer quality dimensions 
such as relevance, fluency, coherence, and groundedness are used to evaluate both the 
retrieval and generation stages.  

5. Guardrail evaluations 

For broader safety and robustness, guardrail evaluations help detect harmful or risky 
content. Experiments also include meta-evaluation—assessing how well different metrics 
align with human judgment—and hardware benchmarking(e.g., evaluating performance on 
Macbook M4 vs. H100 GPU). Collectively, these metrics ensure a comprehensive and 
multi-layered assessment of generative AI capabilities in real-world applications. 

MEDrecord used LLM-as-a-Judge Method, Ground Truth Evaluation, and ROUGE for quality 
control of transcription, diarization and report accuracy of Eating disorder interviews at GGz 
OB, benchmarked against the diarised transcription and language quality of the reports in 
multiple languages (See Fig- 2 and Fig- 3). 

 

Fig- 2: Screenshot illustrating speech-to-text diarization with LLM-as-a-Judge method in MEDrecord’s Healthtalk for 
DAIsy clinical partner GGZ Oost-Brabant. 
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Fig- 3: Screenshot illustrating speech-to-text diarization and summarization with LLM-as-a-Judge method in 
MEDrecord’s Healthtalk for DAIsy clinical partner GGZ Oost-Brabant. 

MATERNA used Ollama with RAG, to evaluate with the help of annotated data, the  dataset of 
medical guidelines for mental healthcare. This served to identify trends and determine whether 
Ollama could be a useful tool in conjunction with RAG document integration to support 
therapists in their work. To this end, ollama was tested on a local system (M4 Pro chip, Apple 
and an H100 GPU). 

Semlab used (Custom) Word Error Rate, Meteor, BertScore, Bleu, to assess the quality of 
transcription on ED intake interviews at GGZ OB, from the Python package Jiwer v3.1.0, and 
the Evaluate library v0.4.2 from Huggingface. They used DER from Pyannote (version 3.2.1) 
to evaluate diarization, i.e., speaker segmentation and identification on aforementioned ED 
intake interviews. They used Rouge metric from the Rogue Python library v1.0.1, and 
BertScore from Python-based toolbox of the same name (v0.3.13), to evaluate LLM models 
and prompts on summarization of (parts of) these intake interviews.   

Philips used a broad overview of both reference-free and reference-based metrics to obtain an 
overview of LLM model evaluation tooling and methods (unsupervised, model-based, 
supervised and GenAI based) for a variety of tasks (eg QA, summarization, data-to-text, 
dialogue, etc). They also used Information retrieval (IR) and Answer generation (AG) for RAG 
based chatbots in healthcare domain, and meta-evaluation to assess evaluation metrics (LLM 
aaJ). 

III. Uncertainty quantification 
The performance metric value of a model might be affected by the initialization condition of the 
model, the variation between the training, test and validation sets, or noise in the data that the 
model trained on and was applied to. This is why an isolated performance metric value is not 
enough to judge a model, and uncertainty quantification is necessary. 

Predictive uncertainty (PU) is the cumulative of aleatoric uncertainty (AU) and epistemetic 
uncertainty (EU). AU, also known as data uncertainty, is due to noise or uncertainty present in 
the data on which the model is trained, validated or applied. Aleatoric uncertainty is further 
divided into (i) homoscedastic uncertainty, corresponding to noise that is constant across the 
input space, and (ii) heteroscedastic uncertainty, referring to noise which varies with the input. 
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Epistemetic uncertainty is the one arising out of lack of knowledge (include lack of enough 
training data). Epistemetic uncertainty can be expressed mathematically as a probability 
distribution over the model parameters, often requiring Bayesian approach to define the model 
likelihood. For example, the soft-max likelihood in models performing classification task, and 
Gaussian likelihood for regressor models (Abdar et al. 2021). Uncertainty Quantification can 
even be in terms of simple measures such as confidence intervals via normal approximation, 
or bootstrapping, or using standard deviation of performance metrics across different folds of 
data, which are among the more commonly used metrics in clinical research(Raschka 2018).  

In this deliverable the uncertainty quantification and model evaluation tools developed and 
used by the DAIsy partners are discussed in the following sections:  

1. Variance and Standard deviation  
Evaluation of variance and standard deviation of performance metrices (e.g., balanced 
accuracy) across cross-validation folds were used to estimate model uncertainty. These 
measures reflected how stable the model’s predictions were across different data splits, 
helping assess the reliability of results given the limited dataset size(Rainio et al. 2024). 
 

2. Variance inflation Factor (V-i-F) 
V-i-F is an uncertainty quantification metric used to quantify multicollinearity and the 
stability of coefficient estimates in regression problems.  
 

3. Confidence interval (CI) 
CI (Carvalho et al. 2019; Rainio et al. 2024) provides a range of values within which a 
statistical measure (such as accuracy or C-statistic) has α probability of falling, and α is 
generally 95 or 99%. Thus, narrower the interval, more robust is the model's performance. 
 

4. Probabilistic outcome 
Probabilistic outcome of a model provides a model's confidence in its decision. Instead of 
providing a crisp outcome the model provides a probability distribution or likelihood that an 
instance belongs to the different classes in the training.  

5. Token level probabilities 
Many LLMs provide probability distributions over the next token in their output (Gupta et 
al. 2024). Analysing these probabilities (e.g., average token probabilities, minimum token 
probability, entropy of the distribution) can offer a local measure of confidence for 
generated text. When running multiple LLMs (or the same LLM with different 
initializations/parameters/fine-tuning) the observed inconsistencies (or divergence) of the 
outputs among ensemble members often indicates higher uncertainty.  
 

6. Agreement between constituents of an ensemble  

Disagreement among ensemble members often indicates higher uncertainty. 
 

ARD Group used standard deviation, variance of model performance across cross-validation 
folds,  to estimate predictive uncertainty and feature relevance when classifying bipolar vs. 
unipolar depression based on structural MRI and clinical data. Similarly, TU/e used these 
measures on the performance metrics like class-wise accuracy and AUC of ML classifiers RF, 
SVM, LDA, LVQ, and the baseline log-LASSO, that were trained for the detection of ED type 
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among patients who had intake at GGz Oost-Brabant. This was also evaluated over 5 cross-
validation folds. OFFIS used these measures of uncertainty on the performance metrics like 
accuracy, F1, and AUC of models like SVM, LDA and logistic regression, in their toolbox for 
neurofeedback modulation. 
5M Software used the class probabilities of predictions by their food recognition model to 
inform users of the certainty of the predictions, enabling them to override these if necessary. 
MATERNA used probabilistic score to predict the focus level and calmness of a user for 
neurofeedback modulation.  
MEDrecord used the measure token level probabilities to evaluate the final report generated 
by their finetuned LLMs. Furthermore, while running multiple LLMs (or the same LLM with 
different initializations/parameters/fine-tuning) for all text-2-text generation tasks, they 
extracted uncertainty of models’ decisions by observing the consistency (or divergence) of their 
outputs, i.e., higher the disagreement between the models of an ensemble of models, the 
higher the uncertainty in the decisions of these models. 
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APPENDIX 
In the appendix we share excerpts from various public and internal dissemination of DAIsy 
partners, which formed the building blocks of this deliverable document. 

A. Relevant excerpts from TU/e contributions 

Detecting Anomalies in Clinical Data Using Unsupervised Learning: A Study on Anorexia 
(BSc. End Project report, P. Kwaspen, TU/e) 

From Chapter 2, page 23 
The primary metric used for evaluation is the Fβ score with β = 2, which places 
greater emphasis on recall relative to precision. This is especially appropriate in a clinical setting, 
where failing to detect a true RFS case (a false negative) may have more severe consequences 
than incorrectly flagging a non-RFS case (a false positive). Furthermore, since RFS cases are 
relatively rare, metrics like accuracy can be misleadingly high due to the large number of true 
negatives. 
The F2-score is defined as: 

𝐹ଶ = (1 + 𝛽ଶ ).
௉௥௘௖௜௦௜௢௡ .ோ௘௖௔௟௟

(ఉమ.௉௥௘௖௜௦௜௢௡)ାோ௘௖௔௟௟
, with 𝛽 = 2      (2.9). 

This formulation biases the metric toward recall, making it well-suited for evaluating 
anomaly detection performance in imbalanced, high-risk clinical scenarios such as RFS detection. 
The F2-score serves as the primary evaluation metric, and the following standard 
classification metrics are also reported to provide a more complete picture of model performance. 
To interpret these metrics, it is helpful to understand the basic categories used in 
binary classification: 

 True Positive (TP): An RFS case correctly identified as an anomaly. 
 False Positive (FP): A non-RFS case incorrectly flagged as an anomaly. 
 True Negative (TN): A non-RFS case correctly identified as normal. 
 False Negative (FN): An RFS case incorrectly classified as normal. 

Using these definitions, the following performance metrics are computed: 

 Precision: the proportion of true positives among all instances predicted as positive: 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
்௉

்௉ାி
      (2.10). 

 Recall (Sensitivity): the proportion of true positives among all actual positive instances: 

𝑅𝑒𝑐𝑎𝑙𝑙 =
்௉

்௉ାிே
      (2.11). 

 Accuracy: the proportion of all correctly classified instances (both positives and negatives) 
over the total number of instances: 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
்௉ା்

்௉ା்ேାி௉ାிே
     (2.12). 

These metrics will be computed using the predictions generated by each model on the test set and 
compared across different anomaly detection methods and preprocessing configurations. This 
evaluation directly addresses sub-question 1 and 3, which seek to determine which model performs 
best in detecting anomalies and what the effect of rate of change features is. By grounding model 
evaluation in clinically validated labels, the assessment provides a more robust and interpretable 
measure of real-world performance. 

 

 

 

 



  
 

14 
 

B. Screenshot of application developed by Semlab for GGZ OB.  

 
Fig- A 1: The AI application from Semlab was developed and finetuned using the evaluation metrices 
described in this deliverable documents. More of the demo of this application can be found at : 
https://daisy-demo.semlab.nl/demo.  
 

C. Relevant excerpts from AMC contributions 

Prediction of methylphenidate treatment response for ADHD using conventional and 
radiomics T1 and DTI features: Secondary analysis of a randomized clinical trial(Chen 

et al. 2025) 

From Section 2.4 
A conventional analysis of T1 and DTI feature distributions was performed using Bayesian analysis 
using Cohen’s d as effect size and 95 % Highest Density Interval (HDI) as confidence interval. Here, 
the implementation of Bayesian Estimation Supersedes the t-test (BEST) was used (Kruschke, 2013, 
Kruschke and Liddell, 2018). Conventional and radiomics machine learning model performance was 
evaluated using balanced accuracy (bAcc), precision, recall, F1 score, Receiver Operating 
Characteristic (ROC) curve, Area Under the ROC Curve (AUC-ROC) value, and AUC of Precision-
Recall Curve (AUC-PRC). To understand how the features contribute to the model during training, 
SHapley Additive exPlanations (SHAP) values were generated to analyze feature contributions and 
importance (Lundberg et al., 2020). Exact binomial tests were applied to compare the model 
performances across participant and age-based subgroups and chance (Sundjaja et al., 2023). 
Statistical significance was set at p < 0.05, with analyses conducted using SPSS (v28.0) and Python 
3.10. Further details are in I.4 Supplement Methods. 
From Section 3.3 
Performance of the conventional model is shown in Table 2. For the total cohort, the conventional 
model significantly outperformed chance during treatment (bAcc 63 %, AUC-ROC 0.69, p = 0.04), but 
not post-treatment (bAcc 42 %, AUC-ROC 0.34, p = 0.77). During treatment, models performed better 
for the total cohort compared to the children (bAcc 32 %, AUC-ROC 0.33) and adults (bAcc 36 %, AUC-
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ROC 0.41) separately. The model's performance was significantly worse than chance for children 
during treatment (p = 0.01) but not for adults (p = 0.15). Post-treatment, predictive performance 
significantly declined and did not surpass chance for whole-group and subgroup analyses. As the 
children subgroup had limited good vs. poor responders (n = 3 vs. n = 20), the conventional model 
failed to classify. 
From Section  3.4 
During treatment, the radiomics model performed better than chance (bAcc of 68 %, AUC-ROC of 0.73, 
p = 0.003) for the total cohort. Performance slightly surpassed the conventional model, but this was 
not statistically significant (p = 0.61). For the children subgroup, the radiomics model performed 
significantly better (bAcc of 64 %, AUC-ROC 0.62, p = 0.02) than the conventional model (bAcc 32 %, 
AUC-ROC 0.33). ROC curves of Radiomics models during treatment are displayed in Fig. 4. Similar to 
the conventional models, the predictive performance of the radiomics models significantly diminished 
post-treatment, and it failed to classify the children. 

 
Fig. 4. Radiomics models’ ROC curves with MPH group during treatment for CGI-I (A: total cohort; B: children 
subgroup; C: adult subgroup). 
From Section 3.5 
In children, three outliers with high CJV and DTI motion scores were identified (Fig. A7). The Spearman 
Rank Correlation Test revealed that 380 features from the Radiomics model were highly correlated 
with age and less so with CJV and DTI motion (Fig. A8). After employing ComBat and GAMs for 
harmonization, the age correlation was effectively neutralized, though it inadvertently introduced 
additional correlation with CJV (Fig. A9). The subsequent removal of three outliers successfully 
eliminated this CJV correlation (Fig. A10). 
Sensitivity analyses excluding these outliers revealed a significant impact on both the conventional and 
radiomics model performance during treatment for the total cohort (conventional model: bAcc 59 %, 
AUC-ROC 0.59; radiomics model: bAcc 58 %, AUC-ROC 0.57). The performance metrics after 
excluding these outliers, for both the total cohort and the children subgroup are shown in Supplement 
Table A4. 
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Moreover, we compared our models including and excluding an additional feature selection step (see 
2.4, Supplement Table A4). Feature selection improved model performance only for the radiomics 
model in the adult subgroup during treatment, achieving a bAcc of 70 % and an AUC-ROC of 0.89. 
Finally, we assessed to what extent our results differ when we use symptom severity (CGI-S) as 
outcome compared to treatment response (CGI-I) (Supplement Table A5). Contrary to CGI-I, 
conventional and radiomics models with CGI-S performed better post-treatment compared to during 
treatment, with the conventional model achieving a bAcc of 66 % and AUC-ROC of 0.63, and the 
radiomics model reaching a bAcc of 70 % and AUC-ROC of 0.73. At post-treatment, for the adult 
subgroup, the conventional model with CGI-S demonstrated robust performance, achieving a balanced 
accuracy (bAcc) of 84 % and an AUC-ROC of 0.77. 
 

Artificial intelligence and MRI for the prediction of treatment outcome in depression(Poirot 
n.d.) 

From Chapter 3, pages 75-76 
Primary predictive performance metrics are mean balanced accuracy (bAcc) and AUROC across 
repeats and folds. In addition, we report sensitivity and specificity. Balanced accuracy simplifies model 
evaluation independently of a priori outcome rates. We also computed the natural logarithm of the 
diagnostic odds ratio ln(DOR) to allow a comparison to a previous meta-analysis.10 For our primary 
hypothesis that our predictive models significantly outperform chance, we calculated the 95% 
confidence intervals for bAcc by chance, using one-tailed binomial tests using the number of unique 
test samples.32 Chance is defined as the a priori response rate, the best alternative method. As a 
supplementary (post-hoc) analysis, we predict continuous clinical outcome measures directly; see the 
Supplementary Methods for more details. 
To test our second hypothesis on treatment specificity, we tested if external validation performance in 
subgroups B (placebo-treated) and C (sertraline-treated placebo-non-responders) was significantly 
lower than on internal validation in Subgroup A (sertraline-treated) by performing a one-sided 
dependent t-test between Subgroup B and the independent test set A, and between Subgroup C and 
test set A. T-test samples consisted of the mean performance estimates for all modeling configurations, 
i.e., pretreatment and early-treatment prediction of remission and response. We excluded 
configurations that did not perform significantly better than chance from this analysis to avoid 
regression toward the no-information rate. 
From Chapter 5, page 179 
The primary performance metrics for classifiers are the area under the receiver operating characteristic 
(AUROC), the balanced accuracy (bAcc), and the F1-score. For regressors, these were the root mean 
squared error (RMSE), the mean absolute error (MAE), and the explained variance (R2). Here, the 
error is defined as the difference between the predicted and true week 8 HAM-D score. 
We define three analysis samples fitting our research analyses. In our primary analysis, we performed 
internal validation within analysis sample A using leave-one-out (LOO) cross-validation (CV). For the 
remaining analyses, we trained on analysis sample A and tested on B, tested on and C. All validations 
were nested in 5-times repeated 5-fold CV to allow for Bayesian hyperparameter optimization 
implemented in Scikit-Optimize (v.0.10.1).62 


