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Abstract 

 

Artificial intelligence has the potential to augment clinical decision making. By learning patterns of risk and disease directly 

from empirical data, AI methods offer one solution to the difficulty health care professionals face in considering ever-

increasing amounts of information. Clinicians making a medical decision for a patient want not only an accurate estimate 

of the risks associated with their patient's disease or treatment options but also an understanding of the reasoning behind 

these risks. This desire for explanation drives the growing interest in explainability in AI, particularly in AI for health care. 

Explainable Artificial Intelligence (XAI) is defined as methods that generate new AI models for which the behaviour can 

be understood, directly or indirectly, by humans. The concept of human understanding encompasses three different levels 

– transparency, interpretability and accountability. The heart of the concern for transparency in AI is the 

incomprehensibility of the learned representations, the “black box” nature of the complex function learned from the training 

data. 

Keywords: Artificial Intelligence in Healthcare, Clinical Decision Support Systems, Explainable Artificial Intelligence 

(XAI), Model Transparency in Medicine, Interpretability of Machine Learning Models, Accountability in Clinical AI, Risk 

Prediction and Prognostic Modeling, Black-Box Model Limitations, Human-Centered AI Design, Trustworthy Medical 

AI, Ethical AI in Healthcare, Model Explainability Frameworks, Data-Driven Clinical Risk Assessment, AI Governance 

in Health Systems. 

 

1. INTRODUCTION 

Over the past decade, the performance of machine-learning methods in supervised classification tasks has improved 

significantly, achieving human-comparable performance on specific benchmarks. Subsequently, both academic 

researchers and industry apply these techniques to diverse application areas. One major area for application is health care, 

supported by advances in cheap data storage and processing, the digitization of patient histories, and the collection of 

large groups of clinical data. 

However, these machine-learning methods do not provide any insight into how predictions are made and using them as a 

decision-making tool seems to be inconsistent with the principles of evidence-based medicine. CLINICIAN-ASSISTANT 

DECISION-SUPPORT TOOL Clinical decision support models support the medical staff during the examination and 

diagnosis of patients. Diagnostic support applies to disease detection based on patient data. Prognostic support predicts 

the chance of morbidity and mortality. Decision support determines the preferred therapy for the patient with certain 

diseases such as acute coronary syndrome. For simple and small medical datasets, traditional statistical methods (e.g., 

logistic regression, Cox regression) are still appropriate. However, the datasets are becoming larger and more complex, 

so that data-driven methods based on the machine-learning paradigm, with no or few a priori assumptions about the 

relationship between input and output, are replacing traditional statistical methods. However, these black-box models for 

clinical decision support may be inconsistent with the principles of evidence-based medicine, which rely on transparent 

reasoning by expert clinicians. Therefore, validation of ML models needs to estimate clinical relevance. 

 

1.1. Overview of Explainable AI in Healthcare Context 

Decision support systems are increasingly common across many healthcare domains, yet many use complicated machine 

learning models that are treated as a black box. For clinicians and patients to rely on these decision-support systems, there 

must be assurance that the developed models are indeed trustworthy. The subfield of Explainable Artificial Intelligence 

(XAI) investigates methods of increasing the transparency of these black boxes. Recent literature presents an overview 

of Explainable AI in the context of healthcare, along with a set of definitions specifically tailored for application in 

medical settings. 
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Fig 1: Beyond the Black Box: A Multi-Dimensional Framework for Evaluating Explainable AI (XAI) in Clinical 

Decision Support Systems 

 

XAI researchers focus on model-agnostic perturbation-based approaches that are capable of providing either global or 

local explanations for a multitude of machine-learning model types. Evaluation of a given explanation can occur through 

traditional metrics (e.g., fidelity and stability), through user studies measuring the effects of explanations on clinician or 

patient behavior, or through examining the relationship between such explanations and non-perturbation methods of 

clinical prediction. Although user studies exploring the influence of XAI methods on real clinical decision-making are 

still largely absent, there are numerous studies examining the evaluation of explanations in clinical use cases. Such 

assessments are crucial to ensuring the future success of XAI and also demonstrate the importance of incorporating 

explanations into the design of clinical decision-support systems. 

 

  

2. FOUNDATIONS OF EXPLAINABLE ARTIFICIAL INTELLIGENCE IN HEALTHCARE 

 

Two complementary and interrelated subjects are foundational to Explainable AI in general, and its application in 
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healthcare in particular: definitions of explainability presented in the natural language processing context and a more 

comprehensive definition of Explainable AI that incorporates them in a larger perspective from the multi-dimensional 

field of machine learning. Choudhury’s definitions are based on a qualitative analysis of 100 natural language processing 

papers that explicitly use the term explainability. The latter is built on existing definitions of transparency, interpretability, 

and accountability in the context of machine learning and provides a foundation for Explainable AI in other domains, 

including clinical-decision support systems based on machine learning and deep-learning. A discussion of their 

application in healthcare follows, focusing on transparency, interpretability, and accountability. 

The term explainability is seldom explicitly defined in AI. One of its few definitions is provided by Choudhury, who uses 

the term explicitly as a synonym for the term justify. A second definition states that an explanation is a mapping from a 

complex function that approximates the function’s behavior in a local region, Actual explanations generally do not achieve 

complete or perfect explanations. A general property of deep-learning models is that they perform well but are “black 

boxes.” They can handle all types of data to make highly accurate predictions but do not provide any insights into how 

they make decisions. They can be viewed as complex pieces of software that convert an input into an output without 

revealing the logic of how the input is transformed into the output. 

 

Equation 1) Logistic regression (risk/probability prediction) 

 

1.1 Model equation 

Let  𝑥 ∈ ℝ𝑑 be features (labs, vitals, etc.), 𝑦 ∈ {0,1} be outcome. 

 Linear score 

𝑧 = 𝛽0 + 𝛽⊤𝑥 

 Sigmoid (logistic) mapping to probability 

𝜎(𝑧) =
1

1 + 𝑒−𝑧
 

 Predicted risk 

𝑝(𝑥) = Pr(𝑦 = 1 ∣ 𝑥) = 𝜎(𝛽0 + 𝛽⊤𝑥) 

 

1.2 Why the logit is linear (step-by-step) 

Start with odds: 

odds(𝑥) =
𝑝(𝑥)

1 − 𝑝(𝑥)
 

 

Take log: 

log (
𝑝(𝑥)

1 − 𝑝(𝑥)
) = 𝛽0 + 𝛽⊤𝑥 

Exponentiate both sides: 

𝑝(𝑥)

1 − 𝑝(𝑥)
= 𝑒𝛽0+𝛽

⊤𝑥 

Solve for p(x): 

𝑝(𝑥) =
𝑒𝛽0+𝛽

⊤𝑥

1 + 𝑒𝛽0+𝛽
⊤𝑥

=
1

1 + 𝑒−(𝛽0+𝛽
⊤𝑥)

 

 

1.3 Estimation via maximum likelihood (step-by-step) 

 

Assume independent observations {(𝑥𝑖 , 𝑦𝑖)}𝑖=1
𝑛  

 Bernoulli likelihood for each i: 

Pr(𝑦𝑖 ∣ 𝑥𝑖) = 𝑝𝑖
𝑦𝑖(1 − 𝑝𝑖)

1−𝑦𝑖 , 𝑝𝑖 = 𝜎(𝛽0 + 𝛽⊤𝑥𝑖) 

 Total likelihood: 



Journal for Re Attach Therapy and Developmental Diversities 

eISSN: 2589-7799 

2023 Dec; 6 (10s): 2444 -2460 

https://jrtdd.com 2447 

 

 

𝐿(𝛽0, 𝛽) =∏𝑝𝑖
𝑦𝑖

𝑛

𝑖=1

(1 − 𝑝𝑖)
1−𝑦𝑖 

 Log-likelihood: 

ℓ(𝛽0, 𝛽) =∑[𝑦𝑖log𝑝𝑖 + (1 − 𝑦𝑖)log(1 − 𝑝𝑖)]

𝑛

𝑖=1

 

 Negative log-likelihood (a common loss to minimize): 

𝒥(𝛽0, 𝛽) = −ℓ(𝛽0, 𝛽) 

 

2.1. Definitions and Scope 

Diverse forms of transparency and explainability are required for successful AI systems functioning in different domains. 

Grounded in human-centered design principles for artificial intelligence, Explainable AI (XAI) is framed in this context 

as Artificial Intelligence Designed for Human Explanatory Needs, where users of AI-supported appliances and agents are 

imbued with a variety of human-centered explanatory needs by considerations of practical action: justification, 

understanding, learning, and reliability. AI is regarded as fundamentally different from other computer systems, such as 

graphical user interfaces with no rational, goal-oriented functionality. Accordingly, the comprehension and justification 

requirements of humans relying on AIs not only differ in focal contents but also involve the added dimension of human-

centered design of the AI accounts for explaining AI-supported decisions or action recommendations, in a way that 

satisfies the explanatory needs of the AI users. Given the historical lack of distance of AI constructions and AI-supported 

decisions from such human-oriented explanatory points of view, AI models have intuitively been understood as opaque 

and largely interpreted as “black boxes” making unreliable decisions. 

In particular, whereas natural language processing considering the explanatory needs of human subjects has produced 

much novel research on AI-based systems and their various underlying explanatory accounts or communicating vehicles, 

their success for core AI areas, such as vision and reasoning, has languished. Thus, the need for deep rational, functional 

understanding of explainability for core AI functionalities and systems couples an applied area—illustrating the 

significance of its requisite breadth of explanatory considerations and sources—with an underpinning conceptual 

framework for AI’s distinctive nature as an agent in need of a structural explanatory rationale. Further, the caution that 

XAI is a very broad area and the distinction between supporting machines with explainable models for human users and 

XAI systems with deep explanatory, advisory function for supporting users also resonate. 

 

Concept Core equation (symbolic) In clinical decision support 

Cox PH h(t|x)=h0(t)exp(βᵀx) Dynamic survival/risk with covariates 

SHAP φi = Σ_{S⊆F\{i}} |S|!(M−|S|−1)!/M! [f(S∪{i})−f(S)] Local feature contributions that add up to 

prediction 

Surrogate 

fidelity 

Fid = 1 − MSE(f,g) / Var(f) How close surrogate g is to black-box f 

Stability Stab = E[||φ(x) − φ(x+δ)||] Sensitivity of explanation to small 

perturbations 

 

2.2. Core Concepts: Transparency, Interpretability, and Accountability 

Many terms are associated with Explainable AI: explainable, interpretable, transparent, understandable, justifiable, 

trustworthy, and accountable. It is important to clarify definitions and avoid using terms ,interchangeably, particularly as 

the community works to define standards for AI developed for diagnoses in radiology, cardiology, pathology, 

dermatology, and other medical specialties without any question­able or biased model decisions. 

Transparency refers to the understanding of the inner workings of a model. For example, statistical methods like logistic 

regression, support vector machines, and classification trees are more transparent than ensemble methods like random 

forests and gradient-boosting. The understanding of risk factors or paths to clinical events is less obvious for models 

developed with deep learning. Transparency can be improved with model-agnostic tools for clinical decision support and 

with methods like SHAP for risk prediction models. Transparency, however, does not imply that errors, false results, and 

unexpected results are less likely. Being a black box remains a characteristic of AI in general, and of explainable methods 
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of adapted and original neural-net models in particular. 

Interpretation refers to the comprehension of model decisions by end users. This is pivotal in building trust and support 

for the adoption of AI in clinical practice. Model decisions can be justified and made understandable, but the models 

cannot be understood and explained by the end user, even when presented with visual aids. This aspect is being 

increasingly addressed by the development of novel interactive visual tools exploring embedding, quality assessment, 

uncertainty-aware and user-centered explanations with a focus on improving ML-augmented Davinci Test accuracy and 

understanding. 

Accountability implies that model outcomes can be justified and are reliable. The cognitive appraisal of a model decision 

by the end user does not guarantee that such a model is reliable and accurate. 

 

Equation 2) ROC curve and AUC (discrimination evaluation) 

 

2.1 Confusion matrix rates (step-by-step) 

Choose a threshold t. Predict 𝑦̂ = 1 if 𝑝(𝑥) ≥ 𝑡, else 0. 

 True Positives: TP(t) 

 False Positives: FP(t) 

 True Negatives: TN(t) 

 False Negatives: FN(t) 

Then: 

 

TPR(𝑡) =
𝑇𝑃(𝑡)

𝑇𝑃(𝑡)+𝐹𝑁(𝑡)
 (Sensitivity) FPR(𝑡) =

𝐹𝑃(𝑡)

𝐹𝑃(𝑡)+𝑇𝑁(𝑡)
= 1 − Specificity(𝑡) 

 

2.2 ROC curve 

ROC is the parametric curve: 

(FPR(𝑡),  TPR(𝑡)) as 𝑡 varies from 1 → 0 
 

2.3 AUC (area under ROC) 

Continuous form: 

AUC = ∫ TPR

1

0

 𝑑(FPR) 

 

Discrete approximation (trapezoids) for points (𝑓𝑘, 𝑟𝑘) : 

AUC ≈∑
(𝑓𝑘+1 − 𝑓𝑘)(𝑟𝑘+1 + 𝑟𝑘)

2
𝑘

 

 

 

3. MACHINE LEARNING MODELS FOR CLINICAL DECISION SUPPORT 

 

Decisions regarding a patient's diagnosis, prognosis, or treatment require the integration of clinical data with healthcare 

professionals' vast medical knowledge and heuristics, honed by education, training, and experience. These decisions are 

multifaceted and complex in nature. Clinicians often face numerous possible alternatives for a single decision, needing to 



Journal for Re Attach Therapy and Developmental Diversities 

eISSN: 2589-7799 

2023 Dec; 6 (10s): 2444 -2460 

https://jrtdd.com 2449 

 

 

determine which option is correct, although usually based on a routine approach. In the face of increased patient 

complexity, time constraints and familiarity with technology, clinicians may utilize algorithms that predict clinical events 

and help guide their decisions. The CONCEPT system, which predicts the onset of complications in heart surgery, and 

ARTEMIS, which predicts acute renal failure, are two well-known examples of decision-support systems that use 

statistical modeling techniques to provide corrective guidelines for clinicians. 

Different machine-learning techniques can be applied depending on the health event being predicted. In general, when 

there are few patients but many variables (as with various types of cancer) statistical modeling techniques are indicated. 

If there are many patients but few variables (as when predicting hypoglycemic events in diabetes), machine-learning 

methods such as decision trees or neural networks may perform better The most suitable algorithm should be chosen 

according to the clinical situation, considering not only accuracy but also other metrics such as the time needed for design 

and execution of the algorithm. 

Statistical models rely on conventional clinical data input. However, in some clinical situations, these variables alone may 

not capture all the clinical complexity. Involvement of authors with both clinical and computational expertise enables 

more advanced data mining, leading not only to conventional categorical variables but also to the synthesis of algorithms 

that can receive both clinical and procedural data. 

 

3.1. Traditional Statistical Methods in Clinical Decision Support 

For decades, methods from statistical modeling have been widely used for developing models that help clinicians in their 

day-to-day work. In clinical medicine, a classic question is whether worsening function—with respect to a measured 

marker—or increasing levels of risk factors for a disease are predictive of incident disease during a specified period. 

Assessing the validation of such predictions is critical, particularly whether a specified level of a marker (a cutoff point) 

can be used in a logistic regression context in which the probability of reaching a disease threshold at the end of the 

prediction window is substantially different from the average probability of disease incidence in the population. The 

conventional approach to assessing this is by means of ROC curves.   

 

 
Fig 2: Advancing Clinical Prognostics: Evaluating Dynamic Prediction Models and Time-Dependent ROC 

Analysis in Survival Functions 

 

Another standard technique for such analyses is the Kaplan-Meier plot with the log-rank test for k-fold stratification of 

the survival function with respect to a categorical description of the time-dependent variable. However, background risk 

stratification and covariate adjustment are not able to incorporate time-dependent predictors. Dynamic predictions of 

time-dependent survival probabilities can be obtained based on the Cox proportional hazards model or by using the cause-

specific hazards in presence of competing risks. Validation can be accomplished with time-dependent ROC curves or 

through an assessment of the accuracy of the predicted probabilities. However, proposed stratifications and predictions 

using traditional statistical modeling remain limited because cessation of follow-up is due to reasons unrelated to the 

disease at hand. 
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3.2. Modern Machine Learning Approaches 

Modern machine learning models, like their predecessors, receive training from data sets containing combinations of 

input features and corresponding outcomes. They then learn the relationships between input and output that are evident 

in the training data and apply these learned relationships on new data for which the outcome is unknown. However, while 

traditional statistical methods have often been based on parametric assumptions, and more recent non-parametric methods 

such as classification trees automatically reduced the number of considered input features through pruning, current 

machine learning models are more complex. They include neural networks, support vector machines, ensemble methods 

that combine many base learners such as random forests and gradient-boosted trees, and more. Some newer methods have 

also introduced concomitant novel approaches to speed up training by approximating a more complex model with a 

simpler one, more rapidly test a model’s predictive ability using a limited portion of the data, or identify sub-groups of 

patients on whom a complex model can provide transparent predictions. 

At times, a model that provides more accurate predictions on a test set is preferred without concern for whether it is 

considered interpretable. The rationale behind transparent machine learning has also diverged somewhat, differing from 

classical statistical reasoning focused on the value of understanding the key factors influencing predictions and of ensuring 

that predictions are reliable. A wider range of factors may contribute to the predictive accuracy of machine learning 

models than survival data alone and applying an accurate black-box model with faith should be sufficient. However, the 

desire for an accurate black-box model also leads to efforts supporting interpretability of machine learning models—these 

in addition being justified from a regulatory compliance perspective, the important need for users to develop appropriate 

trust in predictions or decisions made based on them, and the value of explanatory tools for debugging and testing 

prediction models. 

 

Equation 3) Kaplan–Meier survival function and log-rank test 

 

3.1 Kaplan–Meier estimator (step-by-step) 

 

Let event times be ordered 𝑡(1) < 𝑡(2) < ⋯ At each event time 𝑡(𝑗): 

 𝑛𝑗 : number at risk just before 𝑡(𝑗) 

 𝑑𝑗: number of events at 𝑡(𝑗) 
 

Conditional survival past 𝑡(𝑗), given survival to just before it: 

Pr(𝑇 > 𝑡(𝑗) ∣ 𝑇 ≥ 𝑡(𝑗)) = 1 −
𝑑𝑗

𝑛𝑗
 

Multiply conditionals up to time t: 

𝑆̂(𝑡) = ∏ (1 −
𝑑𝑗

𝑛𝑗
)

𝑡(𝑗)≤𝑡

 

 

3.2 Log-rank test (step-by-step) 

Compare two groups 𝑔 ∈ {1,2}.. At each event time 𝑡(𝑗): 

 𝑛1𝑗 , 𝑛2𝑗: at-risk counts 

 𝑑1𝑗 , 𝑑2𝑗:event counts 

 𝑛𝑗 = 𝑛1𝑗 + 𝑛2𝑗 , 𝑑𝑗 = 𝑑1𝑗 + 𝑑2𝑗 
 

Expected events in group 1 under “same hazard” null: 

𝐸1𝑗 = 𝑑𝑗
𝑛1𝑗

𝑛𝑗
 

Aggregate: 

𝑂1 =∑𝑑1𝑗
𝑗

, 𝐸1 =∑𝐸1𝑗
𝑗

 

Variance (common form): 

𝑉1 =∑
𝑛1𝑗𝑛2𝑗𝑑𝑗(𝑛𝑗 − 𝑑𝑗)

𝑛𝑗
2(𝑛𝑗 − 1)

𝑗
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Test statistic: 

𝜒2 =
(𝑂1 − 𝐸1)

2

𝑉1
 

 

Under 𝐻0, 𝜒2 ∼ 𝜒(1)
2 approximately. 

 

4. TECHNIQUES FOR EXPLAINABILITY IN CLINICAL MODELS 

 

The data-driven nature of clinical prediction models using machine learning techniques raises the question of whether 

these complex, high-dimensional models could be faithfully used to support clinical decision-making in a transparent 

manner. A distinction can be made between global and local predictions. Global approaches provide an understanding of 

the relationships between inputs and predictions, while local approaches highlight the main drivers for individual 

predictions. Furthermore, global or local interpretations can be embedded in or added on to any machine learning model 

using model-agnostic methods. 

In many application areas, formulating a prediction model as a black box having only input–output pairs without any 

explanation of the inner mechanics of the model is accepted. In health care, however, a prediction from a model should 

be based on well-established and validated biological or physiological theories. Therefore, the efforts of the medical 

community to analyze the behavior of machine learning models, seeking to uncover the reasons behind predictions and 

ensuring that the predictions follow the underlining medical knowledge, are of particular importance. In particular, 

methods allowing clinicians to understand the reasons behind a single prediction, that is the local behavior of the models, 

have recently drawn interest. 

  

 
4.1. Global Versus Local Interpretability 

In an ideal scenario, clinicians could trust clinical-machine learning models as they do traditional statistical methods. 

Models would ideally provide global representations revealing their structure, overall behaviour, and reasoning processes. 

However, from experience, clinicians know that ML models can demonstrate behaviours that lead to unexpected or 

counterintuitive results, such as exploiting spurious correlations that might reflect noise in the training dataset. This 

limitation has pushed many researchers in the field to propose methods that improve local interpretability—the 

understanding of how features contribute to specific predictions. The most commonly used methods are based on 

surrogate models (e.g., locally weighted regression), Shapley values, and saliency maps. 

Surrogate models express the prediction function learned by an ML model using a more interpretable one (e.g., a decision 

tree) trained on the predictions of the complex model. The use of such methods, however, is problematic. First, the 

surrogate model can misrepresent the internal logic of the complex model if the global behaviour of the latter—reflected 

in the loss function minimization—differs substantially from the loss function of the interpretable model (e.g., MSE for 

a decision tree). Also, if the complex model fails to learn a suitable interpretation, as in the case of associated-rule 

classifiers, the explanation would not be valid. Secondly, generalization is at the centre of building model-agnostic 

locality-aware interpretable methods. The most popular methods for interpreting ML models are based on Shapley values 

and saliency maps. The first approach explicitly incorporates the notion of fairness in interpretation. Saliency maps, on 
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the other hand, provide information about how input signals affect predictions without explicitly decomposing the 

prediction function. 

 

4.2. Model-Agnostic Methods 

For the majority of techniques described in this review, the mechanisms used to provide explanations operate 

independently of the clinical model at the heart of the CDSS. These model-agnostic methods are able to explain any 

underlying model and their use is therefore attractive, especially when developing complex predictive models that use 

state-of-the-art machine learning approaches such as deep learning or ensembles of decision trees. In such cases, the 

explanation techniques themselves are simpler than the core model being explained, and provide insights into the 

predictions made by a smoothed or a lower-dimensional version of the core model. 

The Shapley Additive exPlanations (SHAP) framework is one such model-agnostic approach. Based on game theory, 

SHAP leverages a consideration of all possible subsets of features in a given model to create a global reference point for 

explanation that can then be decomposed into local attributions. A key advantage is that SHAP returns local importance 

scores that sum to the associated prediction, and communicates feature contributions in an intuitive and human-normalised 

manner. One variant of SHAP uses Monte Carlo methods for estimation, rendering it scalable to large data sets. 

 

Model Interpretability (0-1) Performance (AUC-like) 

Logistic Regression 0.9 0.78 

Decision Tree 0.75 0.8 

Random Forest 0.35 0.86 

Deep NN 0.2 0.9 

 

5. VALIDATION AND EVALUATION OF EXPLAINABLE CLINICAL MODELS 

Techniques and methods for answer validation and evaluation, both technical and clinical, of interpretable models are 

essential. The common strategy to interpret models consists of providing explanations that resemble the models without 

giving away their full structure and parametrization. The contrast between explainability methods on interpretable models 

and on black boxes is the separation of the task into technical evaluation and clinical relevance and usability studies. 

Technical evaluation metrics aim at examining how close the explanations generated by those techniques are to the actual 

predictors of the models—an inverse setting of common interpretability metrics of black-box models. These metrics 

usually rely on modeled explanations of the form of mappings, probabilistic or discriminative predictions, score functions, 

decision functions, or anything allowing to infer the classifier’s final prediction in the whole input space. Assessing how 

well these models can make predictions in such settings could be defined as the oracular evaluation. As the black-box ap-

proach consists of approximating a complex model with a simpler one, methods based on the difference be-tween the 

original predictions and the approximated ones also represent a well-known way to evaluate the quality of the explanation 

on black-box classifiers, being popularly used for neural networks. 

 

Equation 4) Cox proportional hazards model (dynamic prediction) 

 

4.1 Cox model equation (step-by-step) 

Hazard is instantaneous event rate: 

ℎ(𝑡 ∣ 𝑥) = lim
𝛥𝑡→0

Pr(𝑡 ≤ 𝑇 < 𝑡 + 𝛥𝑡 ∣ 𝑇 ≥ 𝑡, 𝑥)

𝛥𝑡
 

 

Cox assumption: 

 Baseline hazard h_0 (t) (unknown function of time) 

 Covariates act multiplicatively: 

ℎ(𝑡 ∣ 𝑥) = ℎ0(𝑡)exp(𝛽
⊤𝑥) 

4.2 Survival from hazard (key derivation) 

Cumulative hazard: 

𝐻(𝑡 ∣ 𝑥) = ∫ ℎ
𝑡

0

(𝑢 ∣ 𝑥) 𝑑𝑢 = ∫ ℎ0

𝑡

0

(𝑢)exp(𝛽⊤𝑥) 𝑑𝑢 = exp(𝛽⊤𝑥)∫ ℎ0

𝑡

0

(𝑢) 𝑑𝑢

⏟

𝐻0(𝑡)

 

So: 

𝐻(𝑡 ∣ 𝑥) = exp(𝛽⊤𝑥)𝐻0(𝑡) 
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Survival is: 

𝑆(𝑡 ∣ 𝑥) = exp(−𝐻(𝑡 ∣ 𝑥)) = exp(−exp(𝛽⊤𝑥)𝐻0(𝑡)) 

 

5.1. Technical Evaluation Metrics 

To assess the technical aspects of explainable models, consider the model's fidelity, stability, and complexity. Such 

attributes are well-defined criteria for any predictive algorithm, but their importance is accentuated in the context of model 

interpretability. Increasing a model's interpretability often lowers its predictive performance and the cost/benefit 

assessment should factor in its influence on fidelity.  

  

 
Fig 3: Evaluating Interpretability: A Multi-Dimensional Framework for Fidelity, Stability, and Clinical Usability 

in Explainable AI 

 

Model fidelity signifies how well the approximating model aligns with the target model's predictions. Effectively, it can 

be regarded as a metric suited for approaches that learn an approximation to a black-box model. Stability pertains to how 

much changes in the input data affect the provided explanation. High stability is required if the interpretation is intended 

to guide decisions, allowing the user to draw accurate insights and understand model outcomes better. Lastly, a simpler 

explanation is preferred over a more intricate one when all other factors are held constant, since simple explanations are 

generally easier to comprehend. 

These three facets should ideally be minimized when evaluating a local surrogate model, and conciseness should be 

highlighted in the study of other forms of local explanations.Beyond these technical aspects, other validation methods are 

desirable in the context of clinical decision support. The ultimate test of a local explanation technique is through clinical 

usability studies aimed at determining whether the addition of an explanation positively influences clinical decision 

making. 

 

5.2. Clinical Relevance and Usability Studies 

Demonstrating the technological adequacy of explanations is insufficient for thorough validation. Explanations must also 

produce clinical impact when tested on real users. However, such evidence remains scarce. The justification of clinical 

prediction models is inconclusive and appears as a secondary task relative to prediction performance. Similarly, the 

authors of a usability study found that while narrative explanations increased user perception of transparency, they failed 

to reveal the inner workings of the model and to enhance judgement accuracy in clinical scenarios. These findings 

highlight the need for a systematic evaluation of human factors in clinical decision support tools. 
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Several user studies corroborate the importance of model-agnostic local explanations. Transparency is positively related 

to the perception of trustworthiness, a property that influences the intention to use the model's predictions in clinical 

settings. Yet, interpretability is not sufficient for trust. Although users prefer globally interpretable models, local 

explanations increase the transparency of otherwise opaque models and steer users’ judgements toward the predictions. 

The lack of accountability for uninterpretable decisions, however, may produce the opposite effect. In conclusion, 

transparent and interpretable explanations should be regarded not as sufficient conditions for trust but as valuable 

facilitators. 

 

 
  

6. IMPLEMENTATION IN CLINICAL PRACTICE 

 

Integrating explainable clinical models with existing clinical decision support systems is key to facilitating their adoption 

in clinical practice. The primary applications of clinical decision support tools are the assessment of risk or prognosis, the 

recommendation or selection of treatment choices, and the prediction of adverse events after a surgical intervention. 

Applying these functionalities within the context of an EHR system naturally makes the model learnings available for use 

by patient care units or departments that routinely perform the same tasks, therefore increasing transparency and reliability 

while facilitating adoption. The required EHR influence is considerable, since changing surgical protocols or making 

major changes in how patient cohorts are defined and treated in clinical daily practice is exceedingly difficult. 

Though the algorithms are designed for use by specifically trained clinicians, models also are being developed for use by 

non-specialists. These models address more common conditions and are based on data that are either trivially or not 

difficult to obtain. Despite the need for rigorous model testing, extensive user-centered human-factor studies are needed 

to ensure that the proposed systems will enhance effective decision making. Clinicians cannot afford to become data 

miners; hence, these recommendations are meant to assist, augment, and point out possible solutions to existing problems, 

enabling clinicians to focus on delivering the best possible patient treatment and care. 

 

Equation 5) SHAP / Shapley values (local feature attributions) 

 

5.1 Additive explanation form 

For an instance x, SHAP explains: 

𝑓(𝑥) = 𝜙0 +∑𝜙𝑖

𝑀

𝑖=1

 

 

 𝜙0: base value (average prediction) 

 𝜙𝑖 : contribution of feature i 

 

5.2 Shapley value formula (step-by-step meaning) 

 

Let F be the full feature set, |𝐹| = 𝑀 . For feature i, consider all subsets 𝑆 ⊆ 𝐹\{𝑖} 
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 f(S): model prediction when only features in S are “present” (others marginalized/perturbed) 

Marginal contribution of adding i to subset S: 

𝛥𝑖(𝑆) = 𝑓(𝑆 ∪ {𝑖}) − 𝑓(𝑆) 
 

Weight each subset fairly by number of orderings: 

𝑤(𝑆) =
|𝑆|! (𝑀 − |𝑆| − 1)!

𝑀!
 

Then: 

𝜙𝑖 = ∑ 𝑤

𝑆⊆𝐹\{𝑖}

(𝑆) 𝛥𝑖(𝑆) 

 

6.1. Integration with Electronic Health Records and Clinical Workflows 

The primary goal behind the integration of clinical decision support tools with electronic medical records is to replicate 

classic regression-based decision-support tools such as Acute Physiology and Chronic Health Evaluation (APACHE) and 

Sequential Organ Failure Assessment (SOFA) scales. However, a straightforward "plug-and-play" of these tools inside 

electronic health records exposes serious risks, as they were primarily evaluated using "expert predictions" and not 

intended for direct use at the point of care. Automated tools for electronic health records populated with clinical data offer 

an opportunity to better validate those models and provide direct clinical value through clinical alerts and 

recommendations tailored to specific patient contexts. However, proactively and continuously monitoring risk and 

estimating physiological values in real time for an individual patient triggers the question of explainability and 

interpretability by design. 

User-centered design of clinical decision-support tools requires the clinical state and the predicted behavior of the learning 

algorithm to be explicitly available to the user. These requirements are crucial for guiding additional data collection, 

making informed treatment decisions, and ultimately achieving a satisfactory recovery. While these algorithms can learn 

highly specialized rules based on historical data that cannot be easily interpreted by the algorithm itself, these explanations 

could be crucial for their continuous "training" to improve their reliability. A counter-argument against interpretability 

suggests that a system can be used as a black box as long as the risk of failure is low and its use leads to benefits greater 

than costs. However, this position raises serious ethical issues when considering real-time risk monitoring, as the reasons 

for the system's predictions impact decisions on the care of high-risk patients. 

 

6.2. User-Centered Design for Clinicians and Patients 

User-centered design principles should guide two key aspects of explainable AI-enabled decision-support systems: user 

interface design for clinicians and the provision of accessible explanations for patients. User-friendly graphical interfaces 

facilitate the integration of predictive and prescriptive models into the electronic health-record workflow and help 

clinicians make better use of generated predictions. Implementation studies for enterprise-class systems with millions of 

users worldwide report improved risk communication through a natural-language, evidence-based risk-assessment tool 

with a surgeon-facing interface. Optimizing the transparency of explanation and prediction generation also improves 

clinical acceptance. Providing patients with explanations tailored to their background knowledge and it enables process 

transparency, allowing for informed consent and enhancing patient-physician trust. 

To be effective and ethically sound, an AI-enabled system must also address patient-centered and health equity needs. 

OpenXAI, a recently proposed design framework, provides a roadmap for centering equity in detailed explanations. 

Empirical studies demonstrate that personalized explanations inducing excitement and lowering anxiety promote healthy 

behavior. Following the precautionary principle, however, explanations must not portray AI as a supremely capable entity. 

Explanations that accurately reflect AI's capabilities and appropriately express reasonable expectations positively affect 

attitude and behavioral intention toward AI. Patient perception of AI capability is also critical for its acceptance, though 

the depth of explanation needed varies by patient type: expert patients prefer deeper details to satisfy their curiosity, while 

non-expert patients prefer high-level explanations that aid understanding without psychological burden. 

 

7. CONCLUSION 

Explainable AI in healthcare is an important and expanding area of research, whose long-term goal is to build transparent 

predictive models for clinical decision support. Such models must be interpretable to end users—including healthcare 

professionals as well as patients—to facilitate agent-in-the-loop decision making and increase clinical trustworthiness. 

Interpretability must therefore be aligned with, and reflect, the goals of the end users of clinical decision-support systems. 

User-centered studies have shown that not only clinicians but also patients value explanations of predictions made by AI 

and ML systems. Valid explanations can thus improve trust toward these systems, which supports their integration in the 

healthcare workflow. Nevertheless, it remains a research challenge to link the needs of end users to intuitive medical 

explanations. 
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Explainable AI in healthcare is also defined, in a narrower sense, as a rigorous probabilistic framework to justify any AI 

algorithm from first principles. It formulates the explainability of clinical prediction models using three basic concepts: 

transparency, interpretability, and the ability to provide proof of any result obtained. Transparency refers to the built-in 

capability of a model to be questioned and understood, which can be achieved by using simple and global models 

combined with fair-validation concepts. Interpretability is the extent to which concerned individuals can understand the 

reasons behind a decision made by a AI system. The ability to provide proof of the predictions made by such models is a 

formal way to build responsibility and trust toward the final results. The goal is to build clinical prediction-support systems 

in the medical-healthcare sector that comply with the laws of both Mother Nature and society. 

 

  
Fig 4: User-Centered Trust Drivers 

 

7.1. Summary and Future Directions in Explainable AI for Healthcare 

Explainable AI and ML are rapidly gaining traction within the healthcare domain as an essential aspect of AI research 

because of their ability to provide understanding of how decisions are made by algorithms when determining a diagnosis 

or predicting clinical outcomes. Identification of these factors can have an impact on the clinical workflow, as insights 

can support clinical decision-making in an explainable, comprehensible manner that aids in testing and validating 

diagnoses. The rise of the Explainable AI concept can partly be attributed to the growth of Deep Learning models, which, 

by virtue of their size and complexity, are severely criticized for their “black-box” nature. Automated decisions made 

without explanation are difficult for end users to accept. When a decision must be called, the user wants to know why 

that decision was made. 

Nonetheless, this concern is not exclusive to Deep Learning. Although traditional statistical models are relatively simple, 

they are often treated as black-boxes without adequate attention for understanding the decision process, and assessing 

algorithm performance is usually reduced to a single number, for instance, an AUC value. X AI is concerned with 

characterizing an algorithm’s behavior and decisions, identifying important input variables, and knowing how the model 

responds to them. By these means, the goal is to apply Explainable X AI techniques to produce machine learning models 

for clinical decision support that are comprehensible for users and where the reasoning behind individual or class 

predictions can be automatically inferred. 
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