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Abstract

Subjective variability in human interpretation of diagnostic imaging presents significant clinical limitations, potentially resulting in
diagnostic errors and increased healthcare costs. While artificial intelligence (Al) algorithms offer promising solutions to reduce in-
terpreter subjectivity, they frequently demonstrate poor generalizability across different healthcare settings. To address these issues,
we introduce Retrieval Augmented Medical Diagnosis System (RAMDS), which integrates an Al classification model with a similar im-
age model. This approach retrieves historical cases and their diagnoses to provide context for the Al predictions. By weighing similar
image diagnoses alongside Al predictions, RAMDS produces a final weighted prediction, aiding physicians in understanding the diag-
nosis process. Moreover, RAMDS does not require complete retraining when applied to new datasets; rather, it simply necessitates
re-calibration of the weighing system. When RAMDS fine-tuned for negative predictive value was evaluated on breast ultrasounds
for cancer classification, RAMDS improved sensitivity by 21% and negative predictive value by 9% compared to ResNet-34. Offering
enhanced metrics, explainability, and adaptability, RAMDS represents a notable advancement in medical AI. RAMDS is a new ap-
proach in medical Al that has the potential for pan-pathological uses, though further research is needed to optimize its performance
and integrate multimodal data.

Keywords: explainable artificial intelligence (XAl); retrieval augmented generation (RAG); computer vision; physician-in-the-loop;
case-based reasoning

these models are designed to recognize specific characteristics of
various pathologies solely based on the data used during their
training.

Another key challenge that medical Al faces is reduced perfor-
mance when testing on new datasets from different health sys-
tems [7]. This is particularly relevant in medical imaging, where
datasets can vary significantly in quality and characteristics
across different institutions and regions. Furthermore, transfer-
ring Al models to new medical imaging datasets is also challeng-
ing and performance might degrade [8].

To address these issues, we aim to create an explainable Al
model that integrates a standard Al prediction model, and an im-
age similarity model paired with a weighing equation called
Retrieval Augmented Medical Diagnosis System (RAMDS). To
evaluate the efficacy of RAMDS, we conducted experiments on
breast ultrasound images.

Introduction

Subjectivity poses a significant challenge in human analysis
of images, particularly in medical contexts. Image interpretation
often suffers from both inter-observer and intra-observer [1]
variability when diagnosing diseases from medical images. Inter-
observer variability is defined as the discrepancy in interpreta-
tions when multiple physicians analyze the same medical image
independently. Conversely, intra-observer variability describes
the phenomenon in which a single physician produces inconsis-
tent readings of an identical medical image across different time
points [2]. Additionally, analysis of these images is prone to error
and is time consuming. These errors can result in over-diagnosis
or under-diagnosis. Over-diagnosis can lead to unnecessary inva-
sive procedures and additional costs. Under-diagnosis can lead to
physicians not detecting a disease early on, which could lead to
increased morbidity and mortality.

Artificial intelligence (AI) models have emerged as a tool for

reducing subjectivity, errors, and reading time [3]. Despite the
benefits that medical Al models bring, they have an apparent
lack of explainability. The challenge of explainability in Al-based
medical diagnosis systems is a topic of considerable interest and
concern in the medical community [4]. Traditional deep learning
models, considered as black boxes [5].

Moreover, contemporary medical Al models do not adhere to the
principles of case-based reasoning in medical diagnosis [6]. Instead,

Materials and methods

Our study’s goal was to test whether RAMDS, can outperform a
standard Al model in critical aspects of medical diagnostics. The
focus is not on basic accuracy, but on sensitivity (correctly identi-
fying disease when it is present), negative predictive value (prob-
ability that a person with a negative test result truly does not
have the disease) and explainability (providing clear, understand-
able reasoning behind its diagnoses). By comparing the RAMDS to
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the base ResNet 34 model, the study seeks to quantify the added
value of the retrieval-augmented mechanism in improving diag-
nostics through Al

Datasets

All data used in the article are available in the public domain. All
images were resized to 256 x 256 pixels and converted to grey-
scale with padding to maintain aspect ratio. Multiple image aug-
mentation techniques were used to generate more images on the
fly for training.

Training data consisted of images from BUSC [9], BUSI_corrected
[10], and QAMEBI [11] datasets. RODTOOK [12] dataset was used for
testing. These datasets had breast ultrasound images with corre-
sponding diagnoses. Features of each dataset are listed in Table 1.

Model creation

A pretrained ResNet 34 model was used as the base model.
FastAlI library [13] was used to find the optimal learning rate and
fine tune this model on the training dataset to predict the diagno-
sis. This fine-tuned ResNet model was used to predict on the test
set. After this, the model was used to generate embeddings for
the training images, and these embeddings were stored in a file.
Then, using a cosine similarity function, the test images are com-
pared to the previously stored embeddings. After comparing the
input embedding to the stored embeddings, N number of similar
images (determined by the user) and corresponding diagnosis
are retrieved.

Then, we created a model that combined the deep learning
model’s predictions with a similarity-based weighted adjustment
mechanism; refining the diagnostic threshold based on the con-
cordance with the top similar historical cases. The core of our
method lies in the adjusted prediction function, which operates
in several steps:

* Base Prediction and Probability: The function begins by
obtaining a base prediction (base_pred) and its associated
probability (Pscore) from the fine-tuned ResNet34 model.
Similarity Assessment: It then retrieves diagnoses and simi-
larity scores of the top N images closely resembling the input
image. These similarities are quantified using cosine similar-
ity measures in the embedding space generated by the same
ResNet34 model.

Weighted Agreement Calculation: The function calculates a
weighted agreement rate between the base prediction and the
retrieved similar cases. If the base prediction from the fine-
tuned ResNet-34 is cancer and all retrieved similar images are
cancer, then there will be a higher agreement rate. Higher
agreement rate translates to higher weightage being assigned to
similar image diagnosis in the final prediction.

Threshold Adjustment: The base threshold, initially set at a
specific value, is dynamically adjusted based on the weighted

Table 1. Breast ultrasound datasets.

agreement rate. An adjustment factor, determined through a
grid search algorithm on the validation test, modulates how
much the threshold should shift. The rationale behind this
adjustment is to increase the prediction’s confidence when
there is a high agreement with similar cases and decrease it
when there is a discrepancy.

Final Prediction: The adjusted threshold is then applied to
the base prediction probability to yield the final diagnosis.

* The core equation can be represented as

Tagjusted = base_threshold — adjustment factor

N
x (2 x > w; - 1(D; = base_pred) — 1)
i1

here:
where s,

= N
215

Wi

The final prediction is then determined as
Final prediction = {1 if Pscore 2 Tagjusted O If Pscore < Tagjusted

given:

® Pocore 1S the prediction score from the Al model.

* S;is the similarity score from the ith similar image.
¢ D;is the diagnosis for the ith similar image.

* base_pred is the base prediction from the model.

* Nis the number of similar images.

here:

* I(D;=basepred) is an indicator function that equals 1
if D; = base_pred, and O otherwise.

* w; represents the normalized weight for each similar image
based on its similarity score.

This equation can be fine-tuned to new datasets without
retraining the original model. Grid search algorithms can be used
on a sample of the new dataset to find the optimal parameters
for a desired performance metric. Figure 1 depicts the workflow
of RAMDS.

Statistical analysis

We used Python programming language and packages to conduct
statistical analysis. Accuracy,sensitivity, specificity, positive pre-
dictive value (PPV), negative predictive value (NPV), were calcu-
lated to quantify and compare the results.

Dataset Total images Benign Images Malignant Images Ultrasound Device Country

BUSC 250 100 150 Voluson 730 with Voluson small part Brazil
transducer S-VNW5-10

BUSI_corrected 589 410 179 GE LOGIQ E9, Agile with ML6-15-D Egypt
Matrix linear probe

QAMEBI 232 109 123 AixPlorer Ultimate ultrasound machine Iran
with linear transducer

RODTOOK 278 131 147 Philips iU22 US scanner Thailand

Total 1349 750 599
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Final Prediction= (w1 x Al) + (w2 x S1 + w3 x S2 + w4 x S3)

Figure 1. Workflow of the RAMDS hybrid Model for medical image diagnosis. The process begins with the input of a medical image into the traditional
ResNet prediction Model, which generates an initial prediction of either “Diseased” or “Normal.” Then the embedding from the base Al model is utilized
to perform a lookup in an image database to retrieve visually similar images through an Image Similarity Algorithm. These similar images are then
analyzed, with their diagnostic labels (“Diseased” or “Normal”) considered. The final prediction from the RAMDS model is derived by combining the
traditional Al model's output with the weighted agreement from the similar images, leading to a more refined and accurate diagnosis

Table 2. Comparison of ResNet-34 and RAMDS models
performance on breast ultrasound images.

ResNet-34 (%) RAMDS (%)
Sensitivity 79 90
Specificity 59 49
Accuracy 69 70
Positive Predictive Value 67 65
Negative Predictive Value 73 82

Results

Table 2 compares the performance of the fine-tuned ResNet
model and RAMDS for breast cancer classification from ultra-
sounds. When tuned for negative predictive value, sensitivity in-
creased by 11% and NPV increased by 9%. Specificity decreased
by 10% and there was a decrease in PPV by 2%.

Discussion
Explainability in Al diagnostics
The challenge of explainability in Al-based medical diagnosis
systems is a topic of considerable interest and concern in the
medical community. Traditional deep learning models often op-
erate as black boxes, offering little insight into the reasoning be-
hind their predictions [5]. In contrast, the retrieval-augmented
approach in this study enhances explainability by relating the
Al's diagnosis to similar historical cases. This approach aligns
with the findings of Holzinger et al. [14], who emphasized the im-
portance of making Al decisions transparent, understandable,
and explainable, especially in healthcare. RAMDS is also helpful
in teaching less experienced operators using similar images.

The system'’s reliance on similarity assessment with historical
cases provides clinicians with a reference point, thereby facilitat-
ing a better understanding of the model's decision-making

process. This is very similar to the principles of case-based rea-
soning in medical diagnosis, as discussed by Bichindaritz and
Marling [6], where past cases are often used to inform the diagno-
sis of new cases.

Clinicians can also review similar images and corresponding
diagnosis using RAMDS graphical user interface. After reviewing
this information, they can decide whether to accept or reject the
provided predictions based on how similar the images are. This
makes clinicians an active participant and a partner in the Al as-
sisted diagnostic model rather than a passive receiver of
information.

Adaptability to local imaging contexts

Another important aspect of this system is its adaptability to dif-
ferent imaging contexts without the need for retraining the entire
model. This is particularly relevant in medical imaging, where
datasets can vary significantly in quality and characteristics
across different institutions and regions [7]. By creating embed-
dings for the new local images and fine-tuning the retrieval aug-
mentation system, the model can be adapted to new contexts,
without retraining the base model, enhancing its utility and scal-
ability. This approach tries to alleviate the concerns of
Cheplygina et al. [8], who highlighted the challenges of transfer-
ring Al models to new medical imaging datasets. Our proposed
RAMDS framework is composed of three synergistic components:
a fine-tuned convolutional neural network (CNN), a similarity
finding algorithm, and a weight adjustment algorithm. First, the
fine-tuned CNN is designed to extract discriminative features
from images. Next, the similarity finding algorithm quantifies
the relationships among images, effectively clustering those with
shared characteristics. Finally, the weight adjustment algorithm
dynamically calibrates the contribution of each feature, mitigat-
ing overfitting and reinforcing the model's ability to adapt to new
data. This modular design not only enhances the model’s
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performance on the testing data but also underpins its generali-
zation capability, enabling the framework to be effectively ap-
plied to any binary image classification problem.

Limitations of the study

RAMDS was not tested in real world clinical setting, nor has it un-
dergone regulatory scrutiny or approval. Prospective real-world
testing is preferred when compared to retrospective testing on
historical cases. The feasibility of incorporating RAMDS in the ra-
diology workflow is critical and this has not been done. When
making a decision, radiologists review multiple images of the
same lesion, but RAMDS makes predictions based on a single im-
age. When RAMDS was used specificity decreased by 10%. This is
because of the inherent tradeoff between sensitivity and specific-
ity [15]. We could not find other studies using the same datasets
in a similar fashion, hence we are not able to provide comparison
to other studies. We have not compared it to other models like
U-Net with classification encoder, Vision Transformer, etc. Since
RAMDS is a framework and any classification model which can
be used to generate embeddings can be substituted for the
ResNet in RAMDS. In this article, we explored the feasibility of
the framework. In the future other models could be substituted
for ResNet.

Future directions and improvements

Future research could focus on enhancing the specificity of the
retrieval-augmented model without compromising its sensitivity.
Additionally, incorporating video clips and multimodal data
could potentially improve diagnostic accuracy. A unique direc-
tion for exploration for RAMDS is possibly using it to teach medi-
cal students about the fundamentals of Case-Based Reasoning.

Conclusion

RAMDS introduces a novel method of using retrieval augmenta-
tion in image based medical AI diagnosis. This methodology
addresses critical limitations in current medical Al imaging mod-
els, particularly the lack of explainability and adaptability, which
are possible barriers to clinical implementation. Leveraging both
physician expertise and Al efficiency, RAMDS represents a prom-
ising advancement in medical image diagnostics. Further re-
search and development are necessary to refine this system and
fully realize its potential in clinical settings.
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