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Abstract 
In high-stakes fields like healthcare, it's essential for machine learning (ML) 
models to be interpretable, meaning their predictions are easily understood and 
explained to end-users. This transparency allows healthcare professionals to make 
informed, data-driven decisions, leading to more personalized care and a higher 
quality of service. Interpretability methods can be broadly categorized into two 
groups. The first group provides local interpretability, focusing on explaining 
individual predictions, while the second group offers global interpretability, 
summarizing the model's behavior across an entire population. Another way to 
classify these approaches is by their dependency on the model itself. Model-specific 
techniques are tailored for a particular type of model, like a neural network, 
whereas model-agnostic methods can be used to interpret predictions from any ML 
model. This overview explores various interpretability approaches for structured 
data and provides practical examples of their application in healthcare. We'll 
discuss how these methods can be used to predict health outcomes, optimize 
treatment plans, and improve the efficiency of screening for specific conditions. 
Finally, we'll outline future directions for interpretable ML, emphasizing the need 
for new algorithmic solutions that can facilitate reliable, ML-driven decision-
making in critical healthcare scenarios. 
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INTRODUCTION 

Recent advancements in technology and the digital 
revolution have led to widespread adoption of 
artificial intelligence (AI) across numerous sectors, 
including healthcare (Adadi & Berrada, 2018). 
Among these advancements, machine learning (ML) 
has demonstrated exceptional capability in identifying 
and analyzing complex data patterns (Murdoch et al., 
2018). In particular, ML-based models are now widely 
used for structured data analysis, often surpassing 
traditional statistical approaches in terms of 
predictive performance. However, despite their 
success, many of these sophisticated ML systems 

function as "black boxes," offering little to no insight 
into how predictions are generated. This lack of 
transparency, intuitiveness, and interpretability 
presents significant challenges—especially in critical 
decision-making environments like healthcare, where 
understanding the basis of predictions is essential. To 
be useful and trustworthy in clinical settings, ML 
models must be both understandable and 
explainable. Understandability refers to how easily 
the end-user can grasp the rationale behind a 
prediction, while interpretability and explainability—
terms often used interchangeably (Carvalho et al., 
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2019)—focus on the extent to which a human can 
comprehend the internal decision-making process of 
the model. As Adadi and Berrada (2018) describe, an 
interpretable system is one where its operations can 
be understood by humans. In healthcare, this is 
particularly important due to the high-stakes nature 
of the field. Over the past few years, there has been 
growing interest in ML-powered healthcare 
applications (Ahmad, Eckert, & Teredesai, 2018), 
such as predicting patient disease risks, likelihood of 
readmission, or the need for medical intervention.For 
healthcare professionals to trust and adopt these 
systems, they must be able to understand and assess 
the reasoning behind the model's outputs. This 
growing demand for transparency has driven the need 
for interpretable machine learning techniques 
(Carvalho et al., 2019). A major limitation to 
widespread adoption of ML in healthcare lies in the 
complexity of these models, which often require a 
high level of technical knowledge and may only be 
validated for narrowly defined tasks or datasets. For 
example, Obermeyer et al. (2019) found evidence of 
racial bias in U.S. healthcare algorithms, highlighting 
how lack of interpretability can compromise trust and 
fairness. Furthermore, models built on homogeneous 
datasets may not generalize well to diverse patient 
populations, and many prioritize prediction accuracy 
over transparency (Ahmad et al., 2018; Elshawi et al., 
2019). In clinical practice, accuracy is essential—but so 
is understanding why a prediction was made.The field 
of interpretable ML has therefore emerged to develop 
models that are both accurate and transparent, or to 
adapt complex models into more understandable 
forms. This includes transforming opaque black-box 
models into white-box models with interpretable 
predictions. However, interpretability itself is a 
complex, evolving concept (Gilpin et al., 2019; Hall 
& Gill, 2018), with many overlapping terms such as 
model comprehensibility, locality, or mental fit 
(Breiman, 2001; Piltaver et al., 2016; Bibal & Frenay, 
2016). Generally, interpretability refers to how well a 
human can understand the cause of a model’s 
decision (Miller, 2019), and it plays a central role in 
ensuring transparency in AI systems.There is no 
universally agreed-upon definition or metric for 
interpretability, as it is often subjective and context-
dependent. Still, an interpretable model is typically 

one that balances accuracy, transparency, and 
efficiency—particularly the time it takes for a user to 
understand it (Bibal & Frenay, 2016). The concept of 
"explainable AI" was first introduced by van Lent et 
al. (2004) to describe systems that clearly articulate 
their behavior, and it has since become an essential 
goal in healthcare AI applications. Interpretability is 
now considered a fundamental requirement in the 
development of trustworthy AI systems (Carvalho et 
al., 2019), driven by motivations such as safety, 
fairness, regulation, and societal impact.In healthcare, 
an interpretable model should clearly communicate 
its predictions to the end-user, allowing clinicians to 
accept or reject its recommendations based on sound 
reasoning (Ahmad et al., 2018). Simple models like 
decision trees or logistic regression are inherently 
interpretable, while more complex models—such as 
ensemble classifiers or deep neural networks—often 
require post hoc explanation techniques to make 
their predictions understandable. In response to 
ethical and legal concerns, especially within Europe, 
the General Data Protection Regulation (GDPR) 
mandates that decisions made by automated systems 
be explainable (Wachter et al., 2017; Greene et al., 
2019; Wallace & Castro, 2018).Despite this, some 
researchers question whether complete 
interpretability should be required. For example, AI 
pioneer Geoffrey Hinton argues that people often 
cannot explain their own reasoning processes and 
therefore should not expect machines to do so (Wang 
& Preininger, 2019). On the other hand, Rudin 
(2019) advocates for the development of inherently 
interpretable models rather than attempting to 
explain black-box ones, warning that reliance on post 
hoc explanations can lead to poor practices and 
potentially harmful outcomes. In her view, 
interpretable alternatives—such as sparse scoring 
systems (Ustun & Rudin, 2017)—are particularly 
suitable for high-stakes domains like healthcare.This 
ongoing debate continues to be explored in recent 
research (Jia et al., 2020), where experts express 
differing views on the balance between accuracy and 
interpretability. In clinical environments where 
healthcare workers face heavy workloads, large 
datasets, and complex decision-making processes, 
interpretable ML tools can significantly enhance 
decision support and improve patient outcomes 
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(Ahmad et al., 2018; Carvalho et al., 2019). ML is 
especially effective in identifying disease risks and 
optimizing resource allocation, but high-performing 
models are often difficult to interpret (e.g., deep 
learning networks; Michalopoulos et al., 2020). 
Improving interpretability is thus essential for 
practical adoption, and should ideally involve 
collaboration between data scientists and clinical 
experts (Vellido, 2019). 
It’s also important to recognize the limitations of ML 
models, such as dataset shifts, unintentional biases, 
overfitting to confounders, and difficulties in 
generalization (Kelly et al., 2019). While deep 
learning has driven major advances in AI, its models 
remain largely uninterpretable. Some researchers 
argue that AI can be safe and effective even without 
complete transparency, as long as human oversight is 
maintained (Ren, 2020). Others believe that 
interpretability is crucial to responsible AI 
deployment. Notably, patients themselves often value 
model effectiveness over interpretability (Jia et al., 
2020), raising important questions about how and 
when interpretability should be prioritized. 
This article introduces a taxonomy of interpretability 
techniques for ML-based predictive models in 
healthcare. Its purpose is to offer clear, accessible 
definitions for readers new to the field and to support 
healthcare professionals in understanding the 
foundational concepts of explainable ML. It is 
important to note that this discussion focuses on 
structured data applications, and does not cover 
interpretability methods related to unstructured data 
such as medical imaging, clinical text, or biosignals. 
For a broader exploration of explainable AI in 
healthcare, readers are encouraged to consult reviews 
by Holzinger et al. (2019) and London (2019). 
Finally, recent work on responsible AI in healthcare 
by Wiens et al. (2019) proposes a framework for 
developing trustworthy ML systems through 
interdisciplinary collaboration, aligning model 
transparency with policy, ethics, and real-world 
impact. 
 
CATEGORIZATION OF ML MODELS 
INTERPRETABILITY 
The interpretability of machine learning (ML) models 
can be categorized using various frameworks, such as 

intrinsic versus post hoc methods, and also based on 
the phase in which interpretability techniques are 
applied—premodel, in-model, or postmodel (Carvalho 
et al., 2019; Molnar, 2020). 
 
Intrinsic interpretability  
Refers to models that are inherently transparent due 
to their simplicity, such as linear regression or 
decision trees. These models allow a basic 
understanding of the decision-making process 
without the need for additional interpretability tools. 
However, even these models have limitations, 
particularly in their ability to capture complex 
nonlinear relationships, which are common in 
healthcare data. 
In contrast, post hoc (or postmodel) interpretability 
involves applying interpretability methods after the 
model has been trained. These methods are typically 
used with more complex, black-box models that do 
not provide direct insight into their internal workings 
(Molnar, 2020). 
Another way to classify interpretability methods is by 
the point at which they are applied in the ML 
pipeline: 
 

 Premodel interpretability refers to 
techniques used before model selection or training. 
These include exploratory data analysis methods like 
descriptive statistics, data visualization, Principal 
Component Analysis (PCA), t-distributed Stochastic 
Neighbor Embedding (t-SNE), and clustering. While 
these approaches can help detect patterns or 
relationships in the data, they often lack direct 
clinical interpretability—particularly when using 
transformations like PCA or embeddings that 
obscure the original features' meanings. 

 In-model interpretability is characteristic of 
models that are designed to be interpretable from the 
outset. These models integrate transparency into their 
structure, allowing users to understand how 
predictions are made without the need for external 
explanation tools. 

 Postmodel interpretability, also known as 
post hoc interpretation, is applied after model 
development. These methods aim to shed light on 
how a trained model functions without modifying the 
model itself. As Murdoch et al. (2018) describe, they 
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are useful for extracting insights from complex 
models while maintaining their original architecture. 

Interpretability can also be categorized based on 
the type of output or insights provided. Molnar 
(2020) outlines several types of interpretability 
methods: 

 Feature summary statistics provide 
aggregated insights into the importance or influence 
of individual features on model predictions. 

 Feature summary visualizations transform 
statistical outputs into graphical representations, 
making patterns and influences easier to interpret. 

 Model internals interpretation involves 
directly examining the inner workings of the model—
such as coefficients in linear models or decision rules 
in trees—which is only feasible with inherently 
interpretable models. 

 Data point–level explanations focus on 
interpreting individual predictions, often by 
identifying similar instances or through local 
approximation methods. While effective in domains 
like image or text analysis, these are less suited to 
high-dimensional, tabular healthcare data. 

 Surrogate models attempt to approximate 
black-box models using simpler, interpretable models 
for explanation purposes. 
A further distinction is made between global and 
local interpretability. 
 Global interpretability involves understanding 
how the entire model behaves across all inputs and 
predictions, offering a high-level overview of the 
learned relationships (Bratko, 1997; Martens et al., 
2008). 
 Local interpretability, on the other hand, 
focuses on individual predictions or small regions of 
the input space, helping users understand why a 
specific decision was made (Hall et al., 2019; Stiglic et 
al., 2006). Both approaches are valuable in clinical 
practice and continue to evolve alongside advances in 
ML methodology. 
 
In healthcare, the goals of ML evaluation differ from 
many other domains. While general ML applications 
may emphasize overall performance metrics such as 
the Area Under the Receiver Operating 
Characteristic Curve (AUC), clinical applications 
often prioritize metrics like sensitivity, specificity, or 

positive predictive value, which have greater practical 
implications for patient care (Simon et al., 2019; 
Steyerberg, 2019). These performance considerations 
can also influence how interpretable a model needs to 
be in a clinical setting. 
 
To support both experts and non-experts, we propose 
a straightforward framework for classifying ML 
interpretability approaches into two non-mutually 
exclusive categories: 
1. Model-specific vs. Model-agnostic: 
o Model-specific methods are tailored to the 
internal structure of a particular model type. 
o Model-agnostic methods can be applied to any 
model, regardless of its design. 
2. Global vs. Local Interpretability: 
o Global methods explain the model as a whole. 
o Local methods focus on explaining individual 
predictions. 
This categorization helps make interpretability more 
accessible to a broad audience, including clinicians, 
researchers, and policy makers working in healthcare 
AI. 
 
MODEL-SPECIFIC OR MODEL-AGNOSTIC 
INTERPRETABILITY 
Interpretability techniques in machine learning (ML) 
can generally be divided into two main categories: 
model-specific and model-agnostic. These approaches 
are designed to help understand how predictions are 
made—either by directly analyzing the internal 
structure of the model or by using external tools to 
approximate the model's behavior. 
 
Model-specific interpretability  
Methods are tailored to particular types of ML 
models. For example, with decision trees, 
interpretability is often achieved by extracting the full 
set of decision rules used to arrive at a prediction. 
These techniques rely on accessing and analyzing the 
model's internal parameters—such as weights, splits, 
or feature importance—and are therefore limited to 
models with transparent architectures (Du, Liu, & 
Hu, 2019). 
In contrast, model-agnostic interpretability treats the 
ML model as a black box and does not depend on the 
model’s internal components. Instead, these 
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techniques typically operate after the model has been 
trained (post hoc) and analyze only the relationship 
between inputs and outputs (Molnar, 2020). This 
flexibility allows model-agnostic approaches to be 
applied to any type of ML model, including highly 
complex or opaque systems like deep neural networks 
(Du et al., 2019). 
One common technique in model-agnostic 
interpretability involves building a surrogate model—
a simpler, interpretable model such as a decision tree 
or linear regression—that mimics the behavior of the 
more complex model within a local decision 
boundary. This strategy provides a faithful 
approximation of the original model's predictions in 
specific regions, making it easier to understand how 
predictions are derived. 
A foundational example of this approach was 
introduced by Craven and Shavlik (1994), who 
demonstrated how to extract interpretable rules from 
trained neural networks. Similarly, Bucila, Caruana, 
and Niculescu-Mizil (2006) introduced the concept of 
model compression, where a compact, interpretable 
model learns to reproduce the outputs of a larger, 
more complex one. This idea was later expanded and 
popularized under the term knowledge distillation 
(Hinton, Vinyals, & Dean, 2015), where a simple 
model is trained to imitate the performance of a deep 
network while retaining interpretability. 
Another recent development in interpretability, 
applicable to both model-specific and model-agnostic 
frameworks, is the GNNExplainer (Ying et al., 2019). 
Designed for Graph Neural Networks (GNNs)—
which are increasingly used for modeling complex 
relational data—GNNExplainer aims to uncover and 
visualize the most relevant components of graph data 
that influence the model's predictions. This tool 
provides both local and global interpretability, 
making it a valuable asset for analyzing the behavior 
of GNN-based systems. 
Although a full discussion of GNNExplainer and 
related techniques is beyond the scope of this article, 
readers interested in these advanced methods can 
refer to foundational works by Hamilton et al. (2017). 
The continued development of tools like 
GNNExplainer is likely to play a key role in the 
broader adoption of interpretable ML in domains 
requiring graph-based data representation. As these 

methods evolve, they offer promising avenues for 
both improving transparency and diagnosing errors 
in complex models such as GNNs (Ying et al., 2019). 
 
LOCAL OR GLOBAL INTERPRETABILITY 
Interpretability in machine learning can be broadly 
categorized into local and global approaches, 
depending on the scope of explanation they provide 
(Molnar, 2020). 
Local interpretability focuses on explaining the 
reasoning behind an individual prediction. This type 
of interpretability is achieved either by designing 
model architectures that inherently support 
explanations or by comparing the target data point to 
similar cases. For instance, in a healthcare context, 
one might highlight specific patient attributes that 
closely resemble a subset of other patients but differ 
from the general population. This provides insight 
into why a particular decision was made for that 
individual. 
Although local interpretability was less emphasized in 
earlier research, recent years have seen the emergence 
of innovative techniques that enable personalized 
explanations. These tools, such as SHAP (Lundberg 
& Lee, 2017) and LIME (Ribeiro, Singh, & 
Guestrin, 2016; 2018), estimate the importance of 
each feature at the level of individual predictions, 
even for complex or black-box models. 
On the other hand, global interpretability aims to 
give a comprehensive overview of how a model 
behaves across its entire input space. It seeks to 
provide a high-level understanding of the model’s 
logic, structure, and decision patterns (Du et al., 
2019). Achieving global interpretability requires 
access to a trained model, as well as an understanding 
of the algorithm and data used to build it (Lipton, 
2016). This type of explanation is particularly useful 
when users need to trust the model's overall behavior 
rather than individual predictions. 
An additional perspective within this area is known 
as cohort-specific interpretability, as described by 
Ahmad, Eckert, Teredesai, and McKelvey (2018). 
This approach involves analyzing subgroups within a 
population to understand how group-specific traits 
influence model outcomes. These subgroup-level 
explanations may be viewed as global if the cohort is 
treated as a subpopulation, or as local if they 
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represent grouped individual-level explanations 
(Molnar, 2020). 
One notable technique in this space is Model 
Understanding through Subspace Explanations 
(MUSE), which explains predictions based on feature-
defined subspaces within the data (Lakkaraju, Kamar, 
Caruana, & Leskovec, 2019). MUSE highlights how 

particular features define subgroups, and how those 
subgroups behave in relation to the model’s 
predictions, offering a hybrid of local and global 
insights. 
 
 

 
TABLE 1Examples of approaches to interpretability of prediction regression models 

Global Local 

Model-specific - Decision trees (depends on depth and number of 
terminal nodes; Hastie, Tibshirani, & Friedman, 
2009; Stiglic, Kocbek, Pernek, & Kokol, 2012), 

- Linear and logistic regression models (Harrell Jr, 
2015), 

- Generalized linear models (GLM) and generalized 
additive models (GAM; Hastie et al., 2009), 

- Naive Bayes classifier (Kononenko, 1993), 
- GNNExplainer (Ying et al., 2019) 

- Set of rules (for specific individual; 
Visweswaran, 
Ferreira, Ribeiro, Oliveira, & Cooper, 
2015), 

- Decision trees (by tree -decomposition; 
Visweswaran et al., 2015), 

- Visual analytics-based approaches 
(interactive visualization techniques for 
interpretation focusing on individual 
prediction), 

- k-Nearest neighbors (k-NN; depends on the 
number of important features, retrieving k-
nearest neighbors for interpretation; 
Yuwono et al., 2015), 

- GNNExplainer (Ying et al., 2019) 

Model-
agnostic 

- Different variants of model 
compression/knowledge distillation/global 
surrogate models (Elshawi, Al-Mallah, & Sakr, 
2019), 

- Partial Dependence Plots (PDP; Elshawi, Al-
Mallah, & Sakr, 2019), 

- Individual Conditional Expectation (ICE) plots 
(Elshawi, 
Al-Mallah, & Sakr, 2019), 

- Black Box Explanations through Transparent 
Approximations (BETA; Lakkaraju, Kamar, 
Caruana, & Leskovec, 2017) 

- Model understanding through subspace 
explanations (MUSE; Lakkaraju et al., 2019). 

- Local interpretable model-agnostic 
explanations 
(LIME; Ribeiro et al., 2016), 

- Shapley additive explanations (SHAP; 
Lundberg & Lee, 2017), 

- Anchors (Ribeiro et al., 2018), 
- Attention map visualization, 
- Model understanding through subspace 

explanations (MUSE; Lakkaraju et al., 
2019). 

 
In contrast, there are scenarios where understanding 
model predictions requires a local interpretability 
approach. One notable advantage of model-specific 
local methods is their capacity to explain individual 
decisions in a clear and intuitive manner—often 
through a concise set of rules, a segment of a decision 

tree, or by showcasing a few examples similar to the 
instance being evaluated (e.g., nearest neighbors). 
However, these methods typically trade off predictive 
accuracy for interpretability, performing less 
effectively than model-agnostic techniques, which 
often involve more complex algorithms. Moreover, 
many techniques in this category offer only limited 
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interpretative depth—commonly restricted to feature 
importance-based explanations for individual 
predictions.. 
 
Practical Use of Interpretable Machine Learning in 
Healthcare 
This section highlights real-world healthcare studies 
that have implemented one or more interpretability 
methods outlined earlier, showcasing their utility 
across various medical domains. 
Model-specific techniques that emphasize global 
interpretability have been applied in the healthcare 
field for over twenty years. Their continued use is 
largely due to their transparency and ease of 
application in clinical practice. Algorithms like linear 
regression and naive Bayes remain prevalent in 
disciplines such as urology (Otunaiya & Muhammad, 
2019; Zhang et al., 2019), toxicology (Zhang et al., 
2018; Zhang et al., 2019), endocrinology (Alaoui, 
Aksasse, & Farhaoui, 2019), neurology (Zhang & 
Ma, 2019), cardiology (Doshi-Velez & Kim, 2018; 
Feeny et al., 2019; Salmam, 2019), and psychiatry 
(Guimarães et al., 2019; Obeid et al., 2019). Despite 
their interpretability, these models face limitations—
particularly when dealing with nonlinear 
relationships or heterogeneous data, which can make 
their outputs less straightforward to interpret. On the 
other hand, local interpretability methods based on 
model-specific techniques such as k-nearest 
neighbors (k-NN) and decision trees have more 

recently been applied to explain predictions in areas 
like occupational health conditions (Di Noia et al., 
2020) and knee osteoarthritis (Jamshidi et al., 2019).  
These methods have also supported the 
interpretation of ML-based predictions in oncology, 
including cancers such as breast and prostate cancer 
(Aro et al., 2019; Seker et al., 2000), as well as in 
determining disease severity for chronic illnesses like 
diabetes and Alzheimer’s disease (Bucholc et al., 
2019; Karun et al., 2019). Additionally, they have 
been employed in predicting mortality risks related 
to conditions such as myocardial infarction or 
perinatal stroke (Gao et al., 2020; Prabhakararao & 
Dandapat, 2019). 
FIGURE 1: Visual representation of interpretability 
approaches for machine learning-based predictive 
modeling in healthcare. 
Local and model-agnostic interpretability techniques 
are particularly useful when dealing with complex 
machine learning models like deep learning. For 
instance, the SHAP method was applied in a study to 
interpret predictions for preventing hypoxemia 
during surgical procedures. This application led to a 
15% improvement in anaesthesiologists’ ability to 
anticipate hypoxemia events (Lundberg et al., 
2018).As discussed earlier, some recent 
interpretability methods do not fit neatly into the 
four categories illustrated in Figure 1. One such 
method is Model Understanding through Subspace 
Explanations (MUSE), introduced by Lakkaraju et al. 
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(2019), which uses expert-defined feature subspaces 
for interpretation. MUSE was implemented on a  
neural network trained for diagnosing depression. It 
generated if-then rule sets that offered a global 
explanation of the model’s behavior, while also 
providing separate rule sets tailored to specific 
subspaces chosen by healthcare experts. For example, 
the model might focus on features such as exercise 
habits or smoking, which are considered actionable 
and modifiable by patients. A standard global 
interpretability technique typically treats all features 
equally and does not emphasize those with the 
potential for intervention. MUSE, therefore, 
although generally categorized under global model-
agnostic interpretability, also integrates personalized, 
user-driven interpretation, making it a hybrid 
approach.Beyond technical considerations in 
building interpretable models, it is equally important 
to consider ethical, legal, and regulatory aspects. For 
example, the General Data Protection Regulation 
(GDPR) enforces a "right to explanation" (Wachter et 
al., 2017; Wallace & Castro, 2018). This has led to a 
shift toward more user-centric interpretability 
methods, enabling users to select the most suitable 
model for their needs. If the goal is to understand 
predictions at a broader, population level, then global 
and model-specific techniques might be the best fit. 
However, most real-world healthcare applications 
require a personalized approach, making local and 
model-specific interpretability more appropriate for 
providing detailed, patient-level insights.That said, a 
challenge remains: while local model-specific methods 
(like personalized rule sets or k-nearest neighbors) 
offer greater interpretability, they often fall short in 
predictive accuracy compared to advanced techniques 
such as deep learning, which generally do not 
support model-specific interpretability. 
 
Discussion 
This paper offers a timely and actionable review of 
interpretable methods for predictive models in 
healthcare, emphasizing what is practical from the 
perspective of those who will use them. Healthcare 
decisions are inherently high stakes, able to affect 
treatment outcomes or even survival. Our focus has 
been on structured data, where much of the attention 
is on which features (variables) matter most. But 

interpretability is also critical with unstructured data 
in fields like medical computer vision and natural 
language processing. 
In medical imaging (computer vision), for example, 
methods seek to highlight the parts of an image that 
drive important health-related diagnoses, so clinicians 
can see which image regions are triggering model 
predictions. MDPI In NLP, interpretability often 
means marking or extracting segments of text that 
explain why a document was categorized in a 
particular way; this applies when analysing clinical 
notes or electronic health record (EHR) text. 
Over recent years, there has been a shift away from 
globally interpretable, model-specific techniques 
toward more complex models that require local, 
model-agnostic methods. One reason is that massive 
datasets are now available in healthcare, making 
complex models more feasible and often necessary. 
There remain multiple open challenges. Simplifying 
complex models for explanation can lead to loss of 
nuance or suboptimal performance. Auditing for 
fairness and bias is crucial. Methods like LIME or 
SHAP can be computationally expensive when 
applied at scale. Also, evaluating explanation methods 
themselves is still under development—two models 
may achieve similar accuracy but offer very different 
explanations. Finally, there is a growing interest in 
causal interpretability—understanding not just what 
features correlate with outcomes, but why those 
relationships exist. 
 
 
Box 1: Visual Analytics and Interpretability 
Visual analytics (VA) techniques are gaining traction 
in healthcare as tools that combine visualization and 
interactive feedback to enhance interpretability of 
machine learning models. The VA paradigm goes 
beyond static visualizations by allowing domain 
experts to interact with model outputs and steer the 
model using their feedback. 
For instance, RetainVis is a visual analytics tool that 
works with recurrent neural networks (RNNs) on 
electronic medical records. It enables users to see how 
individual medical codes and visits contribute to risk 
predictions. It also integrates temporal information 
(when events happened) and allows what-if analyses—
such as adding or removing codes or altering time 
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intervals between visits—to see how predictions 
change. arXiv+2PubMed+2 
Many VA tools are model-agnostic. RuleMatrix, for 
example, lets domain experts see rule-based 
summaries of black-box model behavior to help 
inspect and understand model predictions. 
Prospector offers both population-level and 
individual instance explanations by exposing how 
input features jointly affect predictions. VA systems 
also make use of visualizations like heatmaps, 
attention maps, t-SNE projections, etc., to help make 
sense of complex models. 
 
Conclusion 
To build trust and ensure fairness and transparency 
in machine learning (ML) predictions, especially in 
healthcare, it is vital to understand various 
interpretability strategies. These can be broadly 
classified as either model-specific or model-agnostic, 
and as global or local interpretability methods. 
Although a wide range of interpretability techniques 
is now available, many core challenges remain 
unresolved. Addressing these will require continued 
research and the development of innovative 
solutions. 
A major obstacle arises from the increasing 
complexity of predictive models. For instance, 
integrating medical knowledge through knowledge 
graphs introduces new interpretability challenges, 
particularly in how results are represented and 
understood. Combining different interpretability 
methods—like those discussed throughout this 
article—may offer more effective solutions. 
Looking ahead, we anticipate broader adoption of 
hybrid approaches such as MUSE (Lakkaraju et al., 
2019), which complement global interpretability with 
tailored insights for individual patients or specific 
patient subgroups. While the future direction of 
interpretability research is still evolving, it is clear that 
this topic is fundamental to the responsible 
development of prediction models in healthcare. 
Another promising area is Graph Neural Networks 
(GNNs), which leverage both node features and the 
structure of graphs through neural networks. Tools 
like GNNExplainer (Ying et al., 2019) offer potential 
for post hoc explanation of GNNs, yet our current 
understanding of their behavior and limitations is 

limited (Xu et al., 2018). Improving the 
generalization abilities of these models is an 
important next step. 
Ultimately, future research should prioritize 
algorithmic advances that empower machine learning 
to support critical healthcare decisions—particularly 
those affecting disease progression, treatment 
outcomes, and personalized care strategies. 
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