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Introduction 
Despite advances in natural language processing and deep learning, many hospital systems rely on conventional 
protocolling tools, which are prone to user error, decreased efficiency, and user-fatigue. These issues may conceivably 
worsen as imaging volume and clinical demands increase [1]. We hypothesize that a deep learning algorithm can be 
utilized for comprehensive accurate radiology protocolling to significantly improve upon current tools. 
 
To our knowledge, there has been no published comprehensive algorithm for protocolling all types of radiology studies 
(i.e. all MRI and CT cross sectional exams). Recently, a deep learning algorithm was presented for protocol prediction, 
however it was only for a small subset of exam types [2]. In this regard, we present a method that utilizes an established 
powerful word embedding algorithm in conjunction with a deep neural network to achieve a robust and comprehensive 
radiology protocolling algorithm. 
 
To test this hypothesis, our model will be trained and validated against a large retrospective dataset of radiology protocols 
including all types of MRI and CT cross sectional exams performed. Furthermore, we will assess the performance in 
predicting the ‘top-three’ most likely protocols, as such a feature could significantly improve conventional protocolling 
tools.  
 
Hypothesis 
Deep learning can be utilized as an accurate and robust method for automated radiology protocolling.  
 
Methods 
This is an IRB approval-pending study, which was first conceptualized as a quality improvement initiative. Data from a 
total of 293,000 radiology protocols were obtained through a retrospective database query. The data primarily contained: 
clinician free-text patient diagnosis, clinician free-text comments, radiology exam type requested, and the final radiologist 
approved protocol type. Data was parsed using regular expressions to format text, remove numerical data, and remove 
punctuation. 
 
Word Embeddings: We utilized Word2vec [3] by Mikolov et al. which is a computationally-efficient predictive model for 
learning word embeddings from raw text. This approach allowed us to perform an unsupervised vector representation for 
all words in our protocol data free-text data fields (‘clinical comments’ and ‘diagnosis’). We empirically choose a vector 
dimension of 200, and choose a minimum word frequency of 50 for word inclusion. To assess our embeddings model, we 
searched for the nearest vectors for common clinical words (i.e. ‘cough’ or ‘pain’) and determined the results were highly 
congruent with our expectations (Table 1). Model weights were saved for further use in our network architecture. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



Table 1 

 
 
Data Preparation and Network Architecture: We utilized the Keras deep learning framework and SciPy scientific 
computing libraries to construct our models and perform our validation. All free-text diagnosis data and free-text clinical 
comments were converted into a vector representation via our word2vec model, which was imported into a Keras 
embedding layer (Figure 1). Due to the large number of parameters, we choose to fix the weights for our word2vec model 
during initial training. All other data types were categorical (i.e. radiology exam type requested, and radiologist approved 
protocol type) and were represented using efficient one-hot encoded vectors [4].  
 
Figure 1 

 
 



Once our inputs were prepared, we applied a series of dense layers (Figure 1) with a 5% dropout rate. We concatenated 
these layers, followed by two additional dense layers. Lastly, we used a third dense layer to form our output prediction. All 
intermediate dense layers utilized rectified linear units [5] (ReLUs) and our final dense output layer utilized a softmax [6] 
activation function.  
 
Network Training: Training was implemented using standard stochastic gradient descent technique with Adam 
Optimization [3] by Kingma et al. Parameters were initialized using the heuristic described by He et al. Drop out 
regularization was included as described above.  
 
90% of the protocol data was used for training and the remaining 10% was used as validation. In additional to assessing 
accuracy of predicting the correct protocol, we determined the accuracy in providing the ‘top-three’ most likely protocols. 
Upon conclusion of training, we performed an error analysis to assess patterns of error. We utilized an Amazon EC2 
p2.xlarge machine instance and a workstation with a single NVIDIA Titan Xp for our analysis.  
 
Results 
The word2vec word encodings successfully trained on our free-text data and determined groupings of words that were 
highly congruent with our expectations (Table 1). On our dataset containing all types of CT and MRI studies from among 
over 400 possible protocols, 
our neural network accurately predicted the most likely protocol 72% of the time and the ‘top 3’ protocol accurately 90% of 
the time.  
 
Error analysis revealed a few different patterns of errors. A primary source of model error was a subset of protocols that 
were completed as a ‘radiologist comment’; a nonspecific protocol prediction. Additionally, another large subset of model 
error was on data points that provided minimal clinical information (i.e. other, unspecified).  
 
Conclusion 
Deep neural networks and word embedding can provide a powerful technique for automatically protocolling radiology 
studies. This technology has the potential to help both diagnostic radiologists and ordering providers. 
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Statement of Impact 
Word embedding models and deep neural networks are powerful for text prediction. We demonstrated a direct application 
of these techniques to the task of protocolling radiology studies. Incorporating such technology can provide significant 
benefits to a busy hospital system. At our hospital system, the residents and attendings often have trouble efficiently 
selecting the correct protocol, given the large number of options for each exam ordered. Moreover, sometimes the correct 
protocol is not properly displayed in our software, forcing the radiologist to free-text comments in lieu of a standard 
protocol. These eventually slow down the radiology workflow, increase turnover time for diagnostic reads, and increase 
the probability for medical error. 
 
Our model addresses many of these issues and would allow the radiologist to quickly select the best protocol. Moreover, 
our model may also be beneficial as a reference to the ordering provider and may improve how radiology studies are 
ordered. To further assess the utility of our model, we intend to integrate this model into the clinical workflow for 
radiologists and ordering providers; assessing impact on efficiency and workflow.  
 
Limitations of this work include a retrospective design and retrospective validation. Furthermore, this model was designed 
using a single hospital system. Other hospital systems with different types of data may have different results.  
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