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ABSTRACT 

 

In recent years deep learning (DL) has gained a lot of 

attention due to its ability to improve learning in a variety of 

complex tasks. Generation of a DL model for production 

purposes often require choosing a network architecture, fine-

tuning offline (i.e. prior to training) hyperparameters and 

online (i.e. during training) parameters, defining offline and 

online data augmentation strategies, and choosing a good 

loss function. In practice, several of these choices result into 

competing models with similar test accuracy, which makes 

the task of selecting “the best” model for each task difficult. 

In this paper we describe a process that allows task adaptive 

selection of a myriad of models for biomedical applications. 

Our process allows easy evaluation with new unseen cases, 

enabling healthcare professional to make informed decision 

while choosing a DL model for the task. 
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1. INTRODUCTION 

 

Deep learning (DL) approaches have shown promising 

potential in several bio-medical applications, owing to its 

ability to learn complex image analysis tasks [1]. However, 

the choice of network architecture and hyperparameters, 

data-augmentation strategy, training parameters, loss 

function and evaluation metrics severely affects the accuracy 

and generalizability of the models [2]. Often these choices 

cannot be objectively made for a specified task leading to 

exploration of a variety of choices, which may result into 

several DL models with similar test accuracy [2]. The choice 

of the final model to be used in production is very important 

in bio-medical applications as the training dataset is 

generally smaller and typically there are several cases where 

the ground truth is ambiguous and heavily dependent on the 

choice of a specific clinical site. This may result into one 

model that is optimal of one site while sub-optimal for 

another site. In this paper, we describe a process that uses 

visual dashboards for task adaptive selection of best model 

from plurality of models, as illustrated by figure 1. Our 

process complements Auto-ML approaches [2] for better 

site- and task-specific model selection. 

 

2. ADAPTIVE SELECTION OF MODELS 

 

Fig. 1(a) show the flow chart of the processing pipeline and 

model generation. Given a labelled training set, we train 

several DL models with different configurations of network 

architecture, loss function, hyper parameters and data-

sample augmentation during training, potentially in parallel. 

For each trained model, we create dashboards with 

comprehensive results that include training loss along with a 

variety of different metrics relevant for the application, 
enabling us to rank different models based on any metric 

chosen by the user. Along with detailed test results, the 

dashboards also visualize inputs and outputs of the models 

for test cases, which allows quick verification of the models’ 

performance by healthcare experts. The tested models and 

dashboard constitute a final ranking system, where the best-

of-breed model is selected for each task based on the user’s 

preference. The ranking procedure allows for upgrading 

models when new train dataset is available and makes sure 

the upgraded model is always better than previous versions. 

The whole process is reusable throughout different tasks of 

any given artificial intelligent system. Fig 1(b) shows an 

example of dashboard for a segmentation task for locating 

key landmarks in magnetic-resonance images of the knee. 
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Fig 1 (a) Flow chart of our model generation and selection 

pipeline. (b) An example dashboard for knee landmark 

segmentation task for one model. Each row shows a test 

subjects with its ground-truth (green line) and prediction (red 

line), along with several metrics comparing them. 


