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Abstract
Despite tremendous developments in performance, diagnostic machine learning algorithms are widely regarded
as “black boxes.” To break down this perception, I propose an investigation of interpretable models: systems that
substantiate their conclusions with “justifications.” Our models achieved AUROC scores of 0.890, 0.832, 891, 0.832,
0.898, 0.838, 0.897 for the anatomical regions of elbow, finger, forearm, hand, humerus, shoulder, and wrist, respectively. Through the perspective of musculoskeletal imaging, this work explores two different venues for interpretability: image gradient saliency mapping (IGSM) and local interpretable model-agnostic explanations (LIME). I trained an
Inception-v3 neural network to detect abnormal radiographs. The different LIME and IGSM images provided insight
into the model’s understanding of different regions of images in addition to divulging how the different interpretable
methodologies interacted with the model. The implications of such developments in interpretability within healthcare
range from auditing models to garnering patient and physician trust.

1

Introduction

Since its debut into medical technology, artificial intelligence has become increasingly prevalent in
the medical environments. It has aided in the development of new drugs, management of vast amounts
of patient data, clinical prognosis, and even assistance in surgery [5]. One of its most prominent uses is
within diagnostics: machine learning models can be used to detect abnormal conditions within medical
slides. In recent years, artificial intelligence algorithms have developed to be increasingly competitive to and in certain cases even more accurate than - practicing radiologists [17]. Despite such progress, a survey
revealed that 97% of referring physicians trust human radiologists, in contrast to a mere 33% that trust
diagnostic artificial intelligence models [28].
In this study, I consider a solution to close the disparity of trust with an investigation of interpretable
models. Such models are capable of “justifying” their conclusions, and can thereby break down the perception of machine learning algorithms as “black box systems.”
I specifically investigated interpretability in musculoskeletal radiographs. Musculoskeletal disorders
are among the most prevalent, occurring in between 20 to 33% of the world’s population. With the exception
of cancerous diseases, musculoskeletal conditions are the primary cause of chronic pain [15]. Radiographs
are vital to the diagnosis of musculoskeletal abnormalities and can provide crucial information regarding
the type and location of an abnormality [26].
Medical imaging is crucial to the diagnosis of other disorders beyond musculoskeletal abnormalities
[15]. However, radiologists continue to be overworked in our medical systems, with 45% of radiologists
enduring burnout [12]. Increasing the presence of medical artificial intelligence technologies in radiology
can substantially minimize radiologist workloads. Previous studies have shown that radiologists have
both increased specificity and sensitivity when utilizing the aid of machine learning algorithms as second
opinions [23]. In addition, in medical emergency setting where time is often an extremely important factor,
artificial intelligence models can assist in efficient diagnosis and triaging [13].
In this work, I explore Image Gradient Saliency Maps (IGSMs) and Local Interpretable Model-Agnostic
Explanations (LIMEs) as possible methods to construct model visualizations of musculoskeletal radiographs [22, 20]. Upon utilizing transfer learning to construct an Inception-v3 model finetuned to the task
of identifying musculoskeletal disorders from the MURA dataset, I applied both image explainability techniques to the algorithm.
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Previous research in medical interpretable technologies have explored different methods in model
visualization. Object-detection neural networks have been utilized to detect symptoms of COVID-19 in
chest computed tomography scans with the use of YOLO-v3 network, where bounding boxes are implemented to localize regions of an image slides indicative of COVID-19 [27]. Such studies require annotated
datasets with the bounding boxes. With respect to classification models, the study that introduced the
MURA dataset utilized Class Activation Maps to differentiate the portions of the radiograph that represented a musculoskeletal abnormality [19]. The LIME approach to model visualizations has been previously
utilized in the classification of lymph node metastases [6].

2

Purpose
1. Fine-tune a pre-trained Inception-v3 models to classify musculoskeletal radiographs as either “normal” or “abnormal.”
2. Utilize Image Gradient Saliency Maps (IGSMs) and Local Interpretable Model-Agnostics Explanations (LIMEs) to extract regions of an image most indicative of abnormality according to the finetuned model.

3

Methods

3.1

Dataset

The MURA dataset was used for the purposes of this study [19]. The dataset encompasses of 40,561
X-rays of seven different anatomical regions: elbow, finger, forearm, hand, humerus, shoulder, and wrist.
Each anatomical region contains a set of studies; each study is labeled as either “0” or “1” for “normal”
and “abnormal” respectively. There are 36,808 images in the training set and 3,197 images in the validation
set. The abnormalities documented in this dataset includes fractures, hardware, degenerative joint disease,
lesions and subluxations among others.

3.2
3.2.1

Convolutional Neural Network
Image Processing

Prior to training the neural network, all of the radiographs were pre-processed in accordance with the
Inception-v3 architecture guidelines [4]. Center cropping to 312 by 312 images was performed to remove the
variance in image dimensions. Images were resized to 299 by 299 pixels since the Inception-v3 model only
accepts images of that size. In addition, due to the redundancy of color within radiographs, images were
converted to three-channel grayscale. Normalization of the pixel values was implemented to systemize
pixel values into a standardized range.
3.2.2

Transfer Learning

The Inception-v3 model is 48-layer convolutional neural network pre-trained for the ImageNet database
[24]. The Inception-v3 architecture was chosen since it has among the lowest Top 1% and Top 5% error rates
out of all pre-trained models [1]. The model was fine-tuned by unfreezing the parameters of the model;
upon doing so, all weights were recalculated in accordance to the provided dataset [10].
The pre-trained model was separately fine-tuned for each of the seven different anatomical regions in
the MURA dataset to prevent variations in morphological region. The completed transfer learning therefore
yielded seven different sets of results: one for each anatomical region.
Binary cross entropy with logits loss and a stochastic gradient descent optimizer were utilized.
In regard to model training, an early-stopping algorithm was implemented. If the validation accuracy
of the training model did not improve for four consecutive epochs, training was halted. Each of the seven
fine-tuned models trained in less than 23 minutes on Google Colab Pro GPUs.
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Fig. 1: Transfer learning was implemented with Inception-v3 to provide abnormality prediction when given
an input radiograph. [3]

3.3

Interpretability

Model image visualizations are used to determine which regions of an image an algorithm perceives
as most important in its final classification. These “influential regions” are denoted by superpixels.
3.3.1

Image Gradient Saliency Maps

To construct IGSMs, I first retrieve the output class score for the given radiograph [20]. Upon doing
so, the gradient of the score is extracted in reference to the input image pixels. If the gradient for a specific
pixel has a relatively large absolute value, it can then be concluded that even minute changes to those pixels
would substantially contribute to the class scores.

Fig. 2: The original image’s model visualization is shown in the heatmap. This is further processed by
selectively choosing the brightest superpixels to appear in the final saliency map.
When translated to a saliency map, larger gradients are represented as brighter superpixels. The
superpixels are then transferred onto the original radiograph for improved visualization. To prevent an
over-congestion of superpixels, the superpixels with brightness in the lowest 25th percentile (typically,
black and dark red superpixels) are discarded. By doing so, the final saliency maps effectively isolate the
superpixels with the largest gradients while ensuring that the maps remain intelligible and without an
over-congestion of superpixels.
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Local Interpretable Model-Agnostic Explanations

Fig. 3: Upon implementing the quickshift algorithm, the segmented superpixels are represented with yellow borders. By randomly toggling specific superpixels on and off, I are able to construct a random perturbation of the radiograph.
The LIME construction methodology involved the generating of image perturbations [2, 22]. Image
perturbations are specific, induced changes in an image that can impact the algorithm’s interactions with
the image [18].
Prior to perturbation generation, radiographs undergo quickshift image segmentation, a specific image segmentation algorithm that operates locally on spatial and color dimensions [7, 16]. The image segmentation produces a set of superpixels, that are then randomly toggled between “on” and “off” states,
which can be represented by random perturbation vectors [2]. I chose to generate 96 different random perturbation vectors. The perturbation vectors are represented such that each index represents a superpixel,
and if the value within the index is “1” the superpixel is “on,” and if the value is “0” the superpixel is turned
“off”. For each of the perturbed images, the cosine distance metric is used to compute the similarity between each perturbation and the original image. The cosine distances are then converted to weights in the
range (0, 1) to determine the importance of each perturbation in accordance to its difference from the original image. Additionally, abnormality predictions are retrieved for each of the different image perturbations
with the fine-tuned Inception-v3 models.
After generating perturbations, finding weights, and computing abnormality predictions, I construct
a linear model that finds class predictions when given perturbation vectors and weights for each vector.
Upon constructing the linear regression, I extract the coefficients for each superpixel from the perturbations
vector. The coefficients represent the relative influence of each superpixel in the model interpretation.
In the final LIME, the 10 superpixels with the highest coefficients appear on a separate image.
It should be noted however, that LIMEs are far more accurate when a greater amount of pertubations
are generated. In our instance, only 96 random perturbations are generated due to limitations in RAM
availability. An increased number of generated perturbations would most likely improve LIMEs due to
the availability of a larger set of samples when constructing the linear model; therefore allowing for more
informed predictions for superpixel coefficients.

4
4.1

Results
Classification Performance

The performance metrics for each of the fine-tuned models are included in Table 1. The AUROC
graphical representations and confusion matrices for each of the anatomical regions can be found in appendices A and B respectively. The Area Under the Receiving Operating Curve (AUROC) is defined as a metric
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Anatomical Region
Elbow
Finger
Forearm
Hand
Humerus
Shoulder
Wrist

AUROC
0.890
0.832
0.891
0.832
0.898
0.838
0.897

Sensitivity
0.770
0.761
0.656
0.619
0.850
0.705
0.695
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Specificity
0.894
0.799
0.933
0.915
0.865
0.856
0.956

Tab. 1: Metrics for the Fine-tuned Inception-v3 Models Classification Performance by Anatomical Region
for how well a model distinguishes between classes [14]. Sensitivity is defined as a medical metric for ability to identify disorder (abnormality), and specificity is the ability to identify lack of disorder (normality)
[25]. The ROC curves and confusion matrices for each anatomical region’s fine-tuned model can be found
in appendices A and B, respectively.

4.2

Image Gradient Saliency Maps

The IGSM localization was varied across different anatomical regions and different abnormality types.
Several characteristics differed across the IGSMs including the density of superpixels in the image, the
existence of several clusters of superpixels, the number of superpixels on the image, and whether or not
superpixels highlighted blackspace in radiographs. There tends to be a spectrum in terms of abnormality
detection with the saliency images: some IGSMs contained superpixels in arbritrary regions irrelevant to
disorder location.

Fig. 4: IGSMs of an elbow, finger, and wrist radiograph.

4.3

LIME

The LIMEs also had a wide range of representations. More specifically, the variances in the LIMEs include the number of distinct segments highlighted, and the extent to which abnormalities were highlighted.
Similar to IGSMs, there is a spectrum in terms of localizing abnormalities and not all LIMEs describe disorder regions as influential in model classification.
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Fig. 5: LIMEs of an elbow, humerus, and shoulder radiograph.

4.4

Comparing LIME and Image Gradient Saliency Maps

The LIME and IGSMs displayed different behaviors in terms of constructing model interpretation
images. For identical radiographs, it was not uncommon to find the LIMEs highlighting an entirely different
region than that of the corresponding IGSM. For instance, in the leftmost column of Figure 6, note that while
the LIME localizes the hardware as the most significant region of the model’s interpretation, the IGSM
contains no particular clustering of superpixels in an area; the superpixels are scattered over gray space
and regions of the wrist. In addition, the LIMEs typically had multiple disconnected superpixel groups
whereas the IGSMs usually did not have more than one distinct cluster of superpixels. In the IGSMs of the
center and rightmost column in Figure 6, only a single cluster of superpixels is noticeable - a cluster near the
fracture and a cluster near the base of the thumb respectively; however, the LIMEs of identical radiographs
have at least two and at least four distinct parts respectively.

5

Discussion and Considerations for Future Investigations

While the AUROC scores of the different models are much higher than 0.5 (the no discrimination
AUROC score), improvements can be made to the classification models. In particular an exploration of
different model architectures can prove useful: different pre-trained models or customized models with
different numbers of layers and different functions at various parts of the neural network.
With respect to the saliency imaging, the discrepancies between the localizations of LIMEs and IGSMs
can be attributed to the vastly different methods of interpretation that both techniques apply. However, it
would be expected in real-world clinical setting that both methods output similar model explanations; such
inconsistencies should be rectified. In addition, the localization of black-space divulges that the Inceptionv3 does not always consider relevant regions of an image when classifying radiographs. To improve the
performance of the saliency imaging, an integration of local rule-based explanations, which utilize genetic
algorithms and derivation counterfactual rules, can prove beneficial [9]. Influence functions, statistical tools
used to evaluate the influence of removing an observation, are also relevant to the study of interpretable
models [11].
Other avenues to explore within interpretability include linguistic explanations for diagnostic choices
can offer further clarity into the model’s decision making process [21]. Another possible course of exploration would be composition of example and counterexample groups for specified images. These groups
can serve as comparisons to the original input radiograph [21].
Interpretability holds monumental implications in real-world settings [21]. In the context of regulation, interpretability can serve as a qualitative metric for model evaluations. Auditing models on the
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Fig. 6: A comparison of LIME and IGSMs.
basis of their internal mechanisms can establish quality assurance. In addition, interpretable models garner
trust within physicians and patients. An increased confidence in diagnostic models can augment their use
within clinics, thereby streamlining workflow and improving patient outcomes while remaining feasible
and affordable [8].

6

Conclusion

This work proposes a method to construct interpretable models for diagnosing abnormality in musculoskeletal radiographs. Interpretable models hold immense potential for several different applications
within the healthcare system. In addition to acting as a qualitative measure of model performance, interpretability instills trust into physicians and patients. It breaks down the conception of machine learning
algorithms as “black box” systems. Furthering the precision of these methods and exploring other venues
within interpretability can augment the use of artificial intelligence diagnostics in clinics. Such an integration would inevitably improve patient outcomes, while being fiscally affordable and productivity-wise
efficient.
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