
Strategic Technical Insights 

DEEP LEARNING FOR HUMAN DECISION SUPPORT 
Prepared for 
Alain Auger 

Prepared by 
Erica Wiseman,  
Intelligence Analyst,  
National Research Council of Canada / Government of Canada 
Erica.Wiseman@nrc-cnrc.gc.ca 

DRDC Project #: FE22071713 

NRC Project #: EW16-04 

Report submitted: January 20, 2017 

NRC-KM employees make every effort to obtain information from reliable sources. However, we assume no responsibility or 
liability for any decisions based upon the information presented. 

7  
7



Scientometric Study on Deep Learning for Human Decision Support         January, 2017 
 

 
 

 

 
 
 
 
 
 
 
 
 
 
 

[This page intentionally left blank]



Scientometric Study on Deep Learning for Human Decision Support         January, 2017 
 

                                                                              Page 3 of 70 
 

 

Table of Contents 
 

1 Executive Summary .................................................................................................................... 5 

2 Background ................................................................................................................................ 7 

2.1 Context ................................................................................................................... ....................... 7 
2.2 Key Issues ................................................................................................................ ...................... 7 
2.3 Key Questions ............................................................................................................. .................. 7 

3 Introduction ............................................................................................................................... 8 

3.1 Defining Deep Learning .................................................................................................... ............. 8 
3.2 Temporal Distribution and Subjects ........................................................................................... 10 

4 Deep Learning Architectures ..................................................................................................... 12 

4.1 Architectures in Full Dataset ....................................................................................................... 16 
4.2 Architectures used in Human Decision Support Subset ............................................................. 17 

5 Emerging Trends ....................................................................................................................... 18 

5.1 Emerging Trends: Full Dataset .................................................................................................... 18 
5.2 Emerging Trends: Human Decision Support Subset ................................................................... 19 
5.3 Quantum Computing ......................................................................................................... ......... 32 

6 Key Players ............................................................................................................................... 33 

6.1 Key Players: Full Dataset ............................................................................................................. 33 
6.1.1 Canadian Areas of Expertise ............................................................................................... 34 
6.1.2 International Collaborations ............................................................................................ ... 34 
6.1.3 Canadian-International Collaborations ............................................................................... 36 

6.2 Key Players: Human Decision Support Subset ............................................................................ 36 
6.2.1 Canadian Areas of Expertise ............................................................................................... 38 
6.2.2 International Collaborations ............................................................................................ ... 41 
6.2.3 Canadian-International Collaborations ............................................................................... 43 

7 Application Areas ..................................................................................................................... 44 

7.1 Future Applications ....................................................................................................... .............. 46 
8 Deep Learning Limitations ........................................................................................................ 48 

9 Commercially-Available Technologies ....................................................................................... 49 

10 Conclusions .............................................................................................................................. 50 

11 References ............................................................................................................................... 53 

12 Appendix A: Attachments ......................................................................................................... 68 

13 Appendix B: Methodology ........................................................................................................ 68 

13.1 Searches ................................................................................................................. ..................... 68 
13.2 Analysis ................................................................................................................. ...................... 69 
13.3 R&D Momentum ............................................................................................................. ............ 69 

 

  



Scientometric Study on Deep Learning for Human Decision Support         January, 2017 
 

                                                                              Page 4 of 70 
 

 

List of Figures 
 

Figure 1. Publication Timeline ................................................................................................ ..................... 10 
Figure 2. Top Subject Groups ...................................................................................................................... 11 
Figure 3. Subjects in Human Decision Support Subset ............................................................................... 12 
Figure 4. Architectures, Full Set .................................................................................................................. 16 
Figure 5. Architectures by Task ................................................................................................................... 17 
Figure 6. Architectures Used in Subset Topics ............................................................................................ 18 
Figure 7. Emerging Technologies in Deep Learning .................................................................................... 19 
Figure 8. R&D Momentum, Subset: Emerging & Brand New/Disappearing ............................................... 20 
Figure 9. Top Affiliations, Full Set ............................................................................................................... 33 
Figure 10. Top Canadian Affiliations, Full Set ............................................................................................. 34 
Figure 11. Areas of Research, Canadian Affiliations, Full Set...................................................................... 34 
Figure 12. International Collaborations, Full Set ........................................................................................ 35 
Figure 13. Canadian-International Collaborations, Full Set ........................................................................ 36 
Figure 14. Top Affiliations, Human Decision Support Subset ..................................................................... 37 
Figure 15. Top Canadian Affiliations, Human Decision Support Subset ..................................................... 37 
Figure 16. Canadian Affiliations Areas of Expertise .................................................................................... 38 
Figure 17.International Collaboration, Human Decision Support Subset ................................................... 42 
Figure 18. Canadian-International Collaborations, Subset ......................................................................... 43 
Figure 19. Applications in Subset ................................................................................................................ 44 
Figure 20. Applications in Subset by Human Decision Support Topics ....................................................... 45 
Figure 21. IBM’s Projected Decision Support Market Opportunity ............................................................ 47 

 

 
 

List of Tables 
Table 1. Summary of Findings .................................................................................................. ..................... 5 
Table 2: Brief History of Deep Learning Research ........................................................................................ 8 
Table 3. Category Definitions ................................................................................................. ..................... 11 
Table 4. Deep Learning Architectures ......................................................................................................... 13 
Table 5. Commercial Deep Learning Technologies ..................................................................................... 49 
Table 6. Attachments .................................................................................................................................. 68 
Table 7. Search Terms ................................................................................................................................. 68 
 
  



Scientometric Study on Deep Learning for Human Decision Support         January, 2017 
 

                                                                              Page 5 of 70 
 

 

1 EXECUTIVE SUMMARY 
In order to assist with long-term R&D planning and the prioritization of research topics, this 
scientometric study was commissioned to provide a high level overview of worldwide research activity 
in the field of deep learning for human decision support. This study will assist DRDC in uncovering and 
understanding the potential impact of new research on future defence and security capabilities and 
operations.  
 
In all, 8,565 references to publications from 2011-2016 were retrieved and analyzed using text mining 
software and a variety of visualization tools to identify top architectures, emerging trends, key players, 
collaboration networks, application areas and limitations. The data was analyzed in two sets; the first 
included all records to provide an overview of research and trends in the broader deep learning field, 
while the second was a subset of the data, containing 2,395 publications, focused on human decision 
support. Additional web searching was executed to identify commercially available technologies. A 
summary of the findings is provided in Table 1. 
 

Table 1. Summary of Findings 
 

Key Question Key Findings 
Definitions 
 
 

Deep learning is an application of machine learning (which itself is a branch of artificial 
intelligence) that is comprised of a set of architectures or algorithms based on (artificial) 
neural networks (and the neuroscience of how the human brain observes, analyses, learns 
and makes decisions). Deep learning algorithms can automate the extraction of complex 
representations (a.k.a. abstractions or features) without human intervention. They are 
based on a layered, non-linear, hierarchical network of learning and representing data, 
where higher-level (more abstract) features are defined in terms of lower-level (less 
abstract) features. Deep learning is a scientific development that provides more advanced 
performance than shallow learning architectures such as decision trees, support vector 
machines and case-based reasoning and is an important step towards artificial intelligence 
by making machines independent of human knowledge.1 Deep learning has been applied to 
fields such as computer vision, automated speech recognition, natural language processing, 
medical diagnostics, social media, political forecasting, customer relationship management, 
recommendation systems and bioinformatics and is particularly relevant in an age of big 
data and the Internet of Things.  

Top Architectures  Convolutional Neural Networks (primarily for imaging tasks) 
 Deep Neural Networks (primarily for speech related tasks) 

Emerging Trends Human decision support subset’s emerging topics were: 
 Visualizations 
 Surveillance 
 Event detection 
 Computer aided instruction 
 Recommender systems 
 Risk analysis 

Very limited evidence was found in the dataset that suggested quantum computing would 
have a significant impact on deep learning, although research is currently exploring the 
potential. 

Key players Top international key players include: 
 Chinese Academy of Sciences (445 publications/113 publications in subset) 
 Microsoft, International (284 publications/64 publications in subset) 
 Tsinghua University, China (207 publications/61 publications in subset) 
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Key Question Key Findings 
Top Canadian key players include: 

 University of Toronto (85 publications/17 publications in subset- 2nd place) 
 Université de Montreal (67 publications/22 publications in subset –1st place) 
 University of British Columbia (34 Publications/12 publications in subset) 

Application areas The top applications in which human decision support plays a role include: 
 Diagnostics (medical) (263 publications) 
 Data mining (260 publications) 
 Searching (251 publications) 
 Big data analytics (214 publications) 

Limitations In general, there are three main limitations to deep learning, including: 
 Architectures and output models are, in many ways, seen as a black box,  
 Inability to reason or apply learning to another context,  
 Requires massive amounts of data.  

Commercially 
available 
technologies 

Commercially available technologies were found for the following areas: 
 Decision support 
 Security 
 Medical imaging/diagnostics 
 Surveillance 
 Emotion/sentiment recognition 
 Big data analytics 
 Event detection 
 Recommender systems 
 Risk analysis 
 Forecasting 
 Data fusion 

 
 
Recommendations for next steps include: 

 Monitoring of quantum computing technologies to remain abreast of potential developments of 
interest. 

 Explore and track issues and developments in deep unsupervised learning. 
 Explore the connection between IBM’s Cognitive Solutions and DRDC’s interest in human 

decision support. 
 Exploration of reinforcement learning, which takes a slightly different tack than most of the 

algorithms discussed in this report. 
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2 BACKGROUND 
2.1 Context 
In order to assist with long-term R&D planning and the prioritization of research topics, scientometric 
studies are being commissioned to provide a high level overview of worldwide research activity in 
scientific domains. These studies will assist DRDC in uncovering and understanding the potential impact 
of new research on future defence and security capabilities and operations.  
 
Deep learning, also known as deep structured learning, hierarchical learning or deep machine learning, 
is an application of machine learning (which itself is a branch of artificial intelligence) that is comprised 
of a set of architectures or algorithms based on (artificial) neural networks (and the neuroscience of how 
the human brain observes, analyses, learns and makes decisions). Deep learning algorithms can 
automate the extraction of complex representations (a.k.a. abstractions or features) without human 
intervention. They are based on a layered, non-linear, hierarchical network of learning and representing 
data, where higher-level (more abstract) features are defined in terms of lower-level (less abstract) 
features. Deep learning is a scientific development that provides more advanced performance than 
shallow learning architectures such as decision trees, support vector machines and case-based 
reasoning and is an important step towards artificial intelligence by making machines independent of 
human knowledge.[1] Deep learning has been applied to fields such as computer vision, automated 
speech recognition, natural language processing, medical diagnostics, social media, political forecasting, 
customer relationship management, recommendation systems and bioinformatics and is particularly 
relevant in an age of big data and the Internet of Things.  
 
This scientometric study will focus on deep learning within the context of human decision making and 
support. This study will not look at research on applications of deep learning for adaptive behavior of 
machines, robots, autonomous systems or cars.     
 

2.2 Key Issues 
The objective of this study is to detect and categorize the international R&D domains in the field of deep 
learning for human decision support, as well as to identify the commercially available products on the 
market. Results of this project will be used to identify domains that could present an area of interest for 
which DRDC may wish to develop expertise and to support the selection of future deep dive projects.  
 

2.3 Key Questions 
 
1. Deep Learning 

a. What is deep learning?  
b. What are the different scientific approaches to deep learning within the context of human 

decision making? 
 

2. Emerging trends 
a. What are the emerging trends in deep learning research? (selected topics will be described 

in detail)  
b. Is there any evidence that quantum computing might change deep learning in the future? 

                                                           
[1] Najafabadi MM, Villanustre F, Khoshgoftaar TM, Seliya N, Wald R, Muharemagic E. Deep learning applications and 
challenges in big data analytics. Journal of Big Data. 2015;2(1):1-21. 
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3. Key players 
a. Who are the key players (organizational level)? 
b. What are their areas of expertise? 
c. What are their collaboration networks (both internationally and in Canada)? 

 
4. Application areas 

a. What are the current application areas for deep learning within the context of human 
decision making?  

b. What future applications for deep learning for decision making might be possible based on 
the literature and market reports (e.g. real-time decision making; reduced data-to-decision 
time)? 
 

5. What are the documented or projected limitations of deep learning within the context of human 
decision making? 
 

6. What are the commercially-available technologies that use deep learning to support human decision 
making? 
 

3 INTRODUCTION 

3.1 Defining Deep Learning 
The field of deep learning, which in essence is a branch of artificial intelligence that tries to emulate how 
the human brain automatically extracts features and abstractions from data to learn,1 has its roots in 
work on neural networks. The concept of neural networks has been theorized since the 1940’s but much 
of the early research was highly theoretical and could not be put into practice yet. Recent research, 
along with dramatically faster graphical processing units (GPUs) and lowered cost of computing 
hardware, has led to significant advances in deep learning’s ability to solve AI problems that have 
challenged the community for years.2,3,4 Table 2 presents a brief history of the key developments that 
have advanced deep learning research to where it is today. 
 

Table 2: Brief History of Deep Learning Research 
Year Major Event 
1943 Warren McCulloch (University of Illinois) and Walter Pitts (University of Chicago)create a 

computational model for neural networks based on mathematics and algorithms called 
threshold logic. 

1958 Frank Rosenblatt (Cornell Aeronautical Laboratory) creates the perceptron, an algorithm for 
pattern recognition based on a two-layer computer neural network using simple addition and 
subtraction. He also proposed additional layers with mathematical notations, but these 
wouldn’t be realized until 1975. 

1980 Kunihiko Fukushima (NHK Broadcasting Science Research Laboratories, JP) proposes the 
Neoconitron, a hierarchical, multilayered artificial neural network that has been used for 
handwriting recognition and other pattern recognition problems. 

1989 Scientists were able to create algorithms that used deep neural networks, but training times for 
the systems were measured in days, making them impractical for real-world use. 

1992 Juyang Weng and colleagues (University of Illinois) publishes Cresceptron, a method for 
performing 3-D object recognition automatically from cluttered scenes. 
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2004 Geoffrey Hinton gets a small amount of funding from the Canadian Institute For Advanced 
Research (CIFAR) to form the Neural Computation and Adaptive Perception program – an invite 
only group of researchers working on creating computer systems that mimic organic 
intelligence. 

2006 The term “deep learning” begins to gain popularity after a paper by Geoffrey Hinton and Ruslan 
Salakhutdinov (University of Toronto) showed how a many-layered neural network could be 
pre-trained one layer at a time. 

2009 NIPS Workshop on Deep Learning for Speech Recognition discovers that with a large enough 
data set, the neural networks don’t need pre-training, and the error rates drop significantly. 

2012 Artificial pattern-recognition algorithms achieve human-level performance on certain 
tasks.  Google’s deep learning algorithm discovers cats. 

2014 Google buys UK artificial intelligence startup Deepmind for £400m. 
2015 Facebook puts deep learning technology - called DeepFace - into operations to automatically 

tag and identify Facebook users in photographs. Algorithms perform superior face recognition 
tasks using deep networks that take into account 120 million parameters. 

2016 Google DeepMind’s algorithm AlphaGo masters the art of the complex board game Go and 
beats the professional Go player Lee Sedol at a highly publicized tournament in Seoul. 

                                                                                             Sources: Marr, 2016;5 Hernandez, 2014.6 
 

The study of deep learning sits at the intersection of research in the fields of neural networks, graphical 
modelling, optimization, pattern recognition and signal processing.4 Deep learning has been considered 
as either a class of machine learning techniques4 or representation-learning methods2 based on a set of 
algorithms that use many hierarchical layers of non-linear processing units for pattern classification, 
feature extraction and transformation. Deep learning algorithms are comprised of deep architectures of 
consecutive layers. The objective of deep learning algorithms is to stack up the non-linear 
transformation layers in order to learn complicated abstract representations of the data in a hierarchical 
manner by passing the data through multiple layers. Each layer applies a non-linear transformation on 
raw inputs and provides representations (a.k.a. features or abstractions) at a higher, more abstract level 
as an output.1,2 Each successive layer uses the output from the previous layer as input. The final output 
is usually a prediction of some properties you are trying to discern from the inputs, for example, 
whether an image is a picture of a cat or not. These algorithms are considered as “deep” based on the 
number of parameterized transformations (i.e., a processing unit that has trainable parameters such as 
weights) a signal encounters as it is processed through multiple hidden layers, between the input and 
the output layer.3 The more layers the signal passes through, the more complicated the non-linear 
transformations are, resulting in a final representation that is a highly non-linear function of the input 
data.1 Deep learning algorithms may be supervised or unsupervised.3 
 
In laymen’s terms, for the task of face recognition, a deep learning algorithm learns the edges in 
different orientations in the first layer; in the second layer it composes the edges to learn more complex 
features like different parts of a face such as lips, noses and eyes, regardless of small variations in the 
positions. In the third layer it uses these features to learn even more complex features such as the shape 
of different faces. These final representations can be used in face recognition applications. However, not 
all deep learning algorithms are used to reconstruct a pre-defined sequence of representations at each 
layer (e.g., edges, eyes, faces), as final outputs might be used to build classifiers or for data indexing 
using relational or semantic knowledge.1,2  
 
Two key properties of modern deep learning algorithms that make them so successful are 1) the 
generative nature of the architectural model which typically requires adding an additional layer on top 
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to perform classification tasks, and 2)s an unsupervised pre-training step that makes use of large 
amounts of unlabeled training data to automatically extract structures and regularities in the input 
features and reduce the common risk of overfitting in small datasets.4,2 By adding multiple (e.g., 5-20) 
non-linear layers to the algorithm, it can increase both the selectivity and the invariance of the 
representations. Basically, the algorithm can thus be both selective of minute details, allowing it to 
distinguish a Samoyed dog from a white wolf, and at the same time be insensitive to large, irrelevant 
variations such as background, pose, lighting and surrounding objects.2 Deep learning architectures can 
also “generalize in non-local and global ways, generating learning patterns and relationships beyond 
immediate neighbours in the data”.1 Furthermore, unlike with other machine learning approaches which 
require feature engineering, deep learning eliminates this challenging manual step by automatically 
extracting complex representations and identifying the useful features for learning.1,3  Finally, deep 
learning algorithms are functional with a wide variety of data types, from audio, seismic, image to 
natural language and is particularly well suited to large, messy, real-world, big data sets.3 
 

3.2 Temporal Distribution and Subjects 
To address the key questions in this project, a search on deep learning and its associated architectures 
was conducted in Scopus, Inspec and NTIS. A list of the specific search terms used is provided in Table 7. 
The initial search resulted in a dataset of 8,565 publications from 2011-2016. Figure 1 presents the 
publication timeline and reveals that there has been a significant jump in publications in the last two 
years.  
 
 

 
Figure 1. Publication Timeline 
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To identify the major research areas within the field, the terms in the various keyword fields and those 
derived from natural language processing of the title were merged and assigned to 99 subject groups 
covering 8,042 publications (94% of the full dataset). Figure 2 presents the top subjects, colour coded by 
their respective categories. The categories are defined in Table 3:  
 

Table 3. Category Definitions 
Category Definition 
Application The general field in which the deep learning 

architectures are being used (e.g. Health) 
Architecture The scientific approach to deep learning (e.g. the 

broader class of algorithms, such as Convolutional 
neural network) 

Data type/source Data type or source that is being computed by the deep 
learning architecture (e.g. Audio data) 

General General concepts to the field of artificial intelligence 
(e.g. Learning systems) 

Task The activity the deep learning architecture is being used 
to support (e.g. Image analysis & processing) 

 
 
 

    
Figure 2. Top Subject Groups 
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This report provides analysis both of the broader deep learning field, as well as more specifically on a 
subset of the field that is focused on human decision support. This subset, containing 2,395 publications 
from 2011-2016, was selected by the client following a review of the subject groups in the broader field. 
The selected subject groups in the human decision support subset are presented in Figure 3.   
 

 
Figure 3. Subjects in Human Decision Support Subset 

 

4 DEEP LEARNING ARCHITECTURES 
Deep learning architectures are numerous and often a branch or variant of some original parent 
architecture and include a multitude of different associated algorithms. With the field growing at such 
an incredible pace recently, new architectures, variants and algorithms appear every few weeks. It is 
important to note that comparing the performance of multiple architectures is challenging as their 
capabilities are often reported based on different datasets.3 Table 4, which is an expanded version of a 
similar table presented by Deng 2014,4 provides a brief overview and description of some of the major 
deep learning architectures, the year in which the architecture was first described (with reference to the 
original paper when possible), and a figure depicting the architecture.  
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Table 4. Deep Learning Architectures 
 
Architecture/Description Introduction Date/Figure 
Convolutional Neural Networks (CNN)                                                                                  1970s; seminal paper 19987 

 
A CNN is composed of one or more convolutional layers 
with fully connected layers (matching those in typical 
artificial neural networks) on top. It also uses tied weights 
and pooling layers.3 It arranges its neurons in three 
dimensions (width, height, depth) and transforms 3D inputs 
into a 3D output.8 

 

 
Image source8 

 
Deep Neural Network (DNN) Mid -2000s9 

A multilayer network with many hidden layers, whose 
weights are fully connected and are often initialized (pre-
trained) using stacked Restricted Boltzmann Machines 
(RBM) or Deep Belief Networks (DBN). (In the literature, 
DBN is sometimes used to mean DNN). 
 

 

 
Image source10 

Deep Belief Network (DBN) 200611 

A stacked RBM. Probabilistic generative models composed 
of multiple layers of stochastic, hidden variables. The top 
two layers have undirected, symmetric connections 
between them. The lower layers receive top-down, directed 
connections from the layer above. 

 

 
Image source12 

Deep Autoencoder 198613 

A DNN whose output target is the data input itself, often 
pre-trained with DBN or using distorted training data to 
regularize the learning.  

 

 
Image source14 
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Boltzmann Machine (BM) 198615  

A network of symmetrically connected, neuron-like units 
that make stochastic decisions about whether to be on or 
off. 

 

 
Image source16 

Restricted Boltzmann Machine (RBM) 198613 originally known as Harmonium. 
Popularized as RBM by Hinton in the mid 2000s 

A special BM consisting of a layer of visible units and a layer 
of hidden units with no visible-visible or hidden-hidden 
connections. 

 

  
Image source12 

Deep Boltzmann Machine (DBM) 200917 

A special BM where the hidden units are organized in a 
deep layered manner, only adjacent layers are connected, 
and there are no visible–visible or hidden–hidden 
connections within the same layer.  

 

 
Image source17 

Feedforward Neural Networks  

A network of perceptrons arranged in layers, with the first 
layer taking in inputs and the last layer producing outputs. 
The middle layers are hidden. Each perceptron in one layer 
is connected to every perceptron on the next.18   

 

 
Image source19 
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Multilayer Perceptron (MLP) 1974,20 198621 

A type of feed-forward neural network model that has one 
layer or more of hidden units and non-linear activations.22 
MLP networks are typically used in supervised learning 
problems and solved with backpropagation algorithms or 
less frequently for unsupervised learning using auto-
associative structures.23 

 

 
 
 

Image source24 
 

Recurrent Neural Networks (RNN) 1991 

A network containing at least one feed-back connection or 
loop allowing it to do temporal processing and learn 
sequences. The simplest form of a fully RNN is an MLP with 
the previous set of hidden unit activations feeding back into 
the network along with the inputs. RNNs have memory that 
allow them to learn sequences.25 

 

 
 

Image source26 
 
 

Long Short-Term Memory (LSTM) 1997 27 

An efficient, gradient based variation of RNN that 
overcomes challenges of storing information over extended 
time intervals (long-time-lag tasks) by enforcing constant 
error backflow.27 

 

 
 

Image source28 
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Conditional Random Field (CRF)  

A popular probabilistic method for structured prediction29 
that has been combined with neural networks in a variety of 
ways (see for example30,31) 

 

 
DBN based CRF model32 

 
4.1 Architectures in Full Dataset 
Figure 4 presents the top architectures found in the full data set. Convolutional Neural Networks and 
Deep Neural Networks far outnumber all other architectures.  
 

 
Figure 4. Architectures, Full Set 

 
 

Figure 5 reveals the most frequent tasks for which each architecture is used. In this figure alone, 
Imaging includes Image analysis & processing, Computer vision, Edge detection, and Feature extraction; 
NLP (speech) includes speech recognition, speech (as a data source) and acoustic modelling; NLP 
(general) includes Natural language processing (in general) and Semantics; General includes Learning 
systems, Artificial intelligence, Unsupervised learning, and Signal processing. CNN is predominately used 
for imaging related tasks, whereas DNN, LSTM and arguably RNN are focused on speech related tasks. 
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Figure 5. Architectures by Task 
 

4.2 Architectures used in Human Decision Support Subset 
In addition to the broader themes identified in Figure 5, Figure 6 presents a closer look at the 
architectures used in each of the subject groups in the human decision support subset. Here, we see 
that CNN is the most frequently used architecture by all subject groups except in Recommender systems 
and Uncertainty analysis which uses DNN with a slightly greater frequency. Also worth noting is that 
CNN and DNN are nearly equally used in Forecasting/Prediction, Data mining, Searching, Education, and 
Decision making/support (human) and so these topics should be monitored to determine if there really 
is a preferred architecture. 
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Figure 6. Architectures Used in Subset Topics 
 
  

5 EMERGING TRENDS 
Although a count of publications within each subject group provides some insight into the quantity of 
research activity on a given topic, it does not sufficiently convey the momentum of a topic relative to 
others in the same set of data. In other words, the quantity of records in a group does not necessarily 
suggest which topics are "hot", which are fading and which are emerging.  For topics in the literature, 
the determination of momentum is based on the relative velocity of each subject group in the dataset. 
Further explanation of the methodology behind the momentum indicator is included in Section 13.3, but 
essentially it plots the standard deviation of standardized measures of publication counts and velocity 
(the rate of publication increase) on two axes.  Nodes which plot to the left of the Y-axis intersection 
have below-average velocity, and those found below the X-axis have relatively smaller publication 
counts. A third dimension is added by sizing nodes relative to the total number of underlying 
publications.  Even a small node which plots to the lower/right side of the axes may be of interest, since 
emerging topics are typically small in numbers as they begin to attract research attention and increase 
in velocity. The full R&D Momentum chart for both the full dataset and the human decision support 
subset are available in the Tableau workbook provided with this report.  
 

5.1 Emerging Trends: Full Dataset 
Figure 7 presents the emerging research subjects in the full dataset. The majority (44) of the subject 
groups in the full dataset fall into the Emerging quadrant, with 25 in both the Brand new/disappearing 
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and Hot quadrants and only five in the Established quadrant. This is not surprising given the significant 
jump in publications in the past two years alone as most research in this field should still be considered 
emerging. 

 
 

Figure 7. Emerging Technologies in Deep Learning 

5.2 Emerging Trends: Human Decision Support Subset 
Figure 8 presents the emerging and brand new/disappearing subject groups in the human decision 
support subset. Because the R&D momentum indicator is a measure of relative velocity, Figure 8 is 
calculated exclusively on the subset subject groups. As such there is some movement in the positioning 
of nodes compared to Figure 7, for example, Data fusion and Question-Answering are now in the Brand 
new/disappearing quadrant as opposed to the Emerging quadrant as seen above. A detailed description 
of the research in the Emerging quadrant and selected topics in the Brand new/disappearing quadrant is 
presented below. 
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Figure 8. R&D Momentum, Subset: Emerging & Brand New/Disappearing  

 
 
Visualization 
The Visualization subject group has 87 publications, with 84% in 2015-2016 and 53% in 2016 alone. The 
largest group (22 articles) is focused on using visualization techniques to open the “black box” of deep 
learning, followed by 17 articles that discuss flow graphing (a.k.a. flow visualization) in relation to deep 
learning. Other smaller, but interesting, topics include seven articles on feature visualization methods 
and two on intelligence analysis. Some of the other, more generic topics in the group include visual 
classification and other computer vision related tasks.  
 
While deep learning methods have proven to be effective at surpassing current state of the art machine 
learning algorithms in a wide variety of tasks, how they actually work is still somewhat unknown. In 
particular, how the deep learning algorithms actually learn, what precisely is happening in the hidden 
layers, or how the algorithm arrives at a particular classification or recognition decision, remains 
unclear.33-35 One attempt to open the black box is to visualize the networks and the neural excitation in 
the layers.34  This task is sometimes known as “deep visualization”36-38 and includes a variety of 
approaches. For example, the Deep Genomic Dashboard (Deep GDashboard or DeMo Dashboard), which 
is used for transcription of factor binding and DNA sequencing, uses saliency mapping, temporal analysis 
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and class-specific visualization to visualize CNN, RNN and CNN-RNN to understand how the architectures 
make predictions.39 The Sensitivity-characterised Acitivity Neorogram (SCAN) is another approach for 
understanding the inner workings of a DNN by analysing and visualising the sensitivity patterns of the 
neuron activities. SCAN produces a low dimensional visualization space to show neuron activity in a 
meaningful and interpretable way. This visualization space can be used to compare neurons, both within 
the same DNN and across DNNs that are trained for the same tasks.40 Other approaches include a 
visualization technique based on deconvolutional networks to understand how deep learning algorithms 
choose features to classify objects.41,42 Some have suggested that the use of a layer-wise relevance 
propagation algorithm provides a batter qualitative and quantitative explanation of how algorithms 
arrive at their classification decisions than deconvolution methods, or sensitivity-based approaches, 
which typically produce visualizations in terms of a heat map.33 Others have proposed a modified code 
inversion algorithm called feature map inversion to provide a deeper understanding of the inner 
mechanisms of what a filter extracts from images when deep learning algorithms are used.37 Still others 
have suggested using prediction gradients as opposed to visualizing units and classes in pixel space to 
understand how neural networks encode concepts into individual units.43 An extendable, easy to use, 
open source library for visualizing CNNs, called FeatureVis library for MatConvNet, is a general taxonomy 
and library of some of the main approaches to visualize the features learned by CNN networks.35 One 
noted limitation of visualizing CNNs is that, in general, the various techniques do not provide accurate 
information about the stability of the algorithms.44 
 
Data flow visualization, or data flow graphing, is a graphical representation of the flow of data through a 
system, showing what data is used as input and what is received as the output.45 TensorFlow, a popular 
open source software library developed by Google’s Machine Intelligence Research Group for deep 
neural networks research, uses data flow graphs. Three examples of flow visualization techniques that 
are used to improve our understanding of deep learning algorithms include “inversion, in which the aim 
is to reconstruct an image from its representation, activation maximization, in which we search for 
patterns that maximally stimulate a representation component, and caricaturization, in which the visual 
patterns that a representation detects in an image are exaggerated”.46 In this project's dataset, flow 
visualization has been used to investigate the dimensionality reduction ability of auto-encoder to 
determine if, when stacked, it can contribute to the success of deep learning tasks.47 Flow visualization 
has also been used to reveal how a new CNN architecture with fewer parameters can more effectively 
classify traffic signs than the winning and runner-up CNNs in the German Traffic Sign Benchmark 
Competition. The visualizations showed that the new CNN learned pictographs of the signs and ignored 
the shape and colour information.48 Another article used flow visualization to identify the actual 
parameters needed in deep learning algorithms to process an image with human vision-like quality.49 
Finally, a last article presented a deep learning programming framework based on heterogeneous 
architecture which can be used to build deep learning models through a visual interface and helps 
overcome several challenges related to designing deep learning architectures.50 
 
Surveillance 
The Surveillance subject group has 82 publications, close to 70% of which are from 2015-2016 with 50% 
from 2016 alone. Based on the R&D momentum diagram in Figure 8 the application of deep learning to 
surveillance is quite new and is only just starting to grow at a notable rate. The bulk of the scientific 
research has tested one deep learning architecture or another (although often CNN) to perform the task 
in question, whether it is detection, recognition, identification, or classification, with better than current 
state-of-the-art (i.e. non-deep learning algorithm) performance results.  
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The majority of the 2015-2016 articles are focused on object/event detection and human detection in 
surveillance videos. To date, the majority of video surveillance footage in the U.S. is not being monitored 
by a human and is simply a vast network of evidence collection which is only reviewed after an event. 
Deep learning technologies, which facilitate the processing and analysis of vast amounts of video 
footage, often in real-time, to detect not only humans but also changes in poses and behavior, is a 
technology area that has recently seen significant investment and research.51,52  
 
Research on object/event detection covers such topics as: 

 the detection of bags (purses, backpacks),53  
 the classification of objects54 or image sets55 from video surveillance,  
 distinguishing fine-grained object categories in low resolution images56,  
 taking advantage of temporal and spatial features in videos to improve event and action 

detection57 even in real-time scenarios,58 and  
 efficient indexing and retrieving of objects of interest from large-scale surveillance videos.59 

Other studies have looked at human action recognition,60 with one in particular investigating the use of 
deep learning and multiscale symbolic time series analysis in dynamic data-drive application systems 
(DDDAS) for real time activity recognition, with applications to border surveillance scenarios, and 
situation awareness in Intelligence Surveillance and Reconnaissance (ISR) missions.61 Only one study on 
rapid event detection concluded that no single CNN worked best for all events, attributing some of the 
challenge to the differences between object-driven events vs scene-based events.62  
 
Human detection is discussed in terms of pedestrian detection from aerial platforms63 or traffic 
surveillance,64 and studies on human detection in surveillance have looked at identifying visual 
attributes or “soft-biometrics” (e.g. gender, clothing)65-67 and the challenges of night time detection.68 
Human detection is also concerned with the re-identification problem, which involves detecting a single 
individual across multiple camera views.69-71 While deep learning approaches to the problem have 
achieved remarkable performance, one recent study by Liu et al., highlighted the need to go beyond 
current approaches of extracting discriminative features from the whole frame at one glimpse and move 
toward examining multiple, highly discriminative regions of the image in detail through multiple 
glimpses.69  Concerns about de-identification, i.e. concealing a person’s identity, have also been 
raised.72,73   
 
Other research is focused on scream/sound detection,74 health surveillance,74,75 challenges in facial 
recognition both in terms of blur, dramatic pose variation and occlusions,76 as well as challenges with 
night-time surveillance,77 vehicle detection and annotation,78 license plate detection,79 vehicle re-
identification,80 and finally, crowd surveillance81 and in particular crowd counting.82 
 
Two examples of companies that are using deep learning in surveillance tools include Camio and Herta 
Security. Camio, a U.S. intelligent video monitoring start-up company, has integrated deep learning 
technology to learn user preferences in advance to selectively upload relevant footage to their cloud. 
This technology is also able to identify the most important events in the data and send personalized 
relevant alerts based on past experience. The algorithm allows for differentiation between ordinary and 
anomalous events as well as the analysis of data based on keywords.83 Herta Security, a Spanish 
biometric security software company, uses deep learning in their facial recognition systems that deliver 
some of the world’s fastest results, particularly in crowded environments and can successfully deal with 
occlusions, changes in facial expression and difficult lighting conditions. Their software work both in 
real-time and “faster than” real time for forensic purposes.84  
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Event detection 
The Event detection subject group has 79 publications, 85% in the last two years, and includes research 
on intrusion detection (17 publications), anomaly detection (17) as well as more general event detection 
(42) including multimedia and acoustic events. Although the Surveillance subject group touched on 
event detection these two groups are fairly mutually exclusive with only 8 publications overlapping 
between the two groups. Furthermore, the surveillance articles focused more on real-time video 
analysis, whereas the event detection articles are more focused on video clips than streaming video. Of 
the 64 articles between 2015-2016, 40 report on the use of various deep learning algorithm for various 
kinds of event detection and recounting, and report performance improvements beyond current state-
of-the-art 73% of the time (with positive results the remainder of the time). Interestingly, some of the 
existing state-of-the-art that is being surpassed by deep learning algorithms is other, previously tested, 
deep learning approaches. The performance improvements are reported in terms of precision rates 
(mean average precision or MAP scores),85,86 accuracy,87,88 and processing speed (compared to 
humans).89 In addition, some articles also report reductions in training time or improvements in training 
performance using new approaches.85,90 
 
The bulk of the studies in this group are focused on either acoustic event detection (16) or network 
intrusion detection (12). Acoustic event detection (AED) is sometimes a part of the broader activity of 
multimedia event detection which seeks to combine multiple features (e.g. appearance, colour, texture, 
motion and audio) from multi-modalities91 and has applications in automated surveillance, machine 
hearing and auditory scene understanding.92 The AED studies aim to recognize non-speech acoustic 
events (e.g. door knock, crowd cheering, engine noise) in real-world noisy scenarios,93 by classifying 
audio frames among a set of semantic units, sometimes called “noisemes”.94 Other approaches have 
been to use video-level labels to train audio classification tasks.90 In general, deep learning approaches 
are proving effective for AED, even in situations with high levels of surrounding noise95 and are more 
effective when detail rich features (such as spectrograms) are extracted.96,97 
 
In terms of network intrusion detection systems (IDS), while many machine learning methods have been 
applied, there is a continued need to improve detection performance and accuracy.98 This goal is 
increasingly being met through deep learning approaches. For example, one recent study used a traffic-
based IDS built on a novel randomized data partitioned learning model (RDPLM) that achieved 99.984% 
accuracy and 21.38s training time on a benchmark dataset with results that outperformed other well-
known machine-learning models such as sequential minimal optimization, deep neural networks, 
reduced error pruning tree and random tree.87 In another similar study, a deep belief network model, 
using restricted Boltzmann machine and a supervised back-propagation algorithm, was found to 
outperform support vector machine and neural network approaches to intrusion classification.99  
 
Other research in this group focused on detecting anomalies in crowd behavior,100,81 energy 
consumption,101 medical based signals (e.g. ECGs or other physiological data),102 climatic events,103 or 
disaster response.104 Two articles of potential interest from a military perspective were found. The first 
discussed the use of deep learning (CNN) to perform pattern recognition tasks in digital 2D Ground 
Penetrating Radar (GPR) images of buried explosive hazards thus reducing the burden on highly trained 
field operatives.105  The second article described the use of CNN feature extraction, as opposed to 
traditional bag-of-visual-words, to classify the semantics of Tweet images to detect social events in real 
time from Twitter. 
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One of the challenges that are discussed in both the Event detection and Surveillance subject groups is 
the need to extract features from both the spatial and temporal dimensions of video data for general 
surveillance or event detection. In particular, the lack of spatial and temporal cues leads to challenges 
with large variations in lighting, viewing angles, body poses and occlusions.69 Deep learning techniques 
are providing promising results,106 and in some studies, even outperforming previous state-of-the-art 
approaches.69,81,107,108 
 
Many of the studies in the Event detection group are concerned with testing the deep learning 
approaches on pre-existing datasets. Nine studies on video based event detection used the TrecVid 
database while 11 of the network intrusion studies used the KDD99 dataset or the more recent and 
improved NSL-KDD dataset.  
 
Computer aided instruction 
The Computer aided instruction group has 69 articles, 53 of which are published in 2015-2016 and 77% 
in 2016 alone. Of the 41 articles published in 2016, 23 relate to medical imaging, 16 to disease detection 
and five  which are specific to cancer. This overlap with medical imaging is largely because the term 
Computer aided instruction is an engineering controlled vocabulary term that has been used to index 
some (but not all) research that is using deep learning to improve medical image analysis, likely the body 
of research that is more closely related to computer assisted diagnosis (CAD). Other topics covered in 
this group include language learning (2) and student assessment (1). Because of the dominance of 
imaging related research, CNNs were the most commonly discussed deep learning architecture (24 
articles) whereas DNN was only discussed in four articles.  
 
Deep learning architectures have been found to be more effective and accurate, in medical imaging, at a 
variety of tasks, including, but not limited to: 
 
 Cell segmentation109 
 Lung cancer diagnosis through CT slices110 
 Classifying benign versus malignant breast masses111 
 Detection and quantification of blood brain barrier permeability in dynamic contrast-enhanced 

MRIs112 
 Extracting, from segmented lesion masks, latent features that can predict short-term disease activity 

in patients with early MS symptoms more accurately than lesion volume (the common imaging 
biomarker)113 

 
Three of the medical imaging articles make specific reference to including some sort of decision 
mechanism114 along with the CNN in terms of understanding a diagnostic decision of a CAD115 or simply 
to support clinical decision making.116 
 
In terms of language learning, deep learning architectures have been used in pronunciation verification 
systems,117 such as the Computer Aided Language Learner (CALL) system.118 A deep-learning based 
model has also been used for automated writing assessment as part of an evidence-centered design 
framework that provides accurate prediction of student science learning.119  
 
Recommender systems 
The Recommender systems group has 66 publications, 52 of which were published in 2015 and 2016.  
The 2016 reviewed articles (33) showed that, when specified, 36% of recommendation systems were 
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based on textual information such as research papers, including in the medical field,120 movie plot 
summaries, news articles or blog posts121 followed by 21% on visual data (images or videos),122 as well as 
smaller amounts on website click-throughs123 and music.124 
 
Recommendation systems (RS) have used a variety of techniques to reach their end goal, including one 
of the most popular approaches: collaborative filtering (CF). However CF has a number of limitations 
including data sparsity (i.e. when users rate only a limited number of items) and cold start problems (i.e. 
the difficulty in bootstrapping the RSs for new users or new items).125-127 One of the issues with the data 
sparsity is the problem of feature transformation or feature learning. On the one hand, projection 
methods can find new representations of data, but not in non-linear data or very sparse datasets. On 
the other hand, unsupervised feature learning with deep neural networks is generally fragile to non-
Guassian noises, outliers and high dimensional sparse data.128 Some have tried to use auxiliary 
information, through document modelling, to boost CF, however this suffers from the inherent 
limitations of the bag-of-words model and leads to poor understanding of contextual information.127,129  
User response prediction models have also been used as an RS technique, in particular for web-based 
personalized RSs, but these are limited to either linear models (which loses the ability to explore feature 
interactions) or require manually building up high-order combination features (which results in a heavy 
computation in the large feature space).130 Previous work has used topic models or averages of word 
embedding to map text to factors to support RS based on latent factor models in order to overcome the 
sparsity and cold-start problems.121  
 
All of these approaches, however, have been surpassed by the addition of the deep learning 
architectures, resulting in better accuracy performance. For example, RNNs have been used to encode 
text sequences into latent vectors to recommend scientific papers,121 the Ask Me Any Rating content-
based recommender system uses DNN for information retrieval,131 a hybrid RS for Netflix based on deep 
learning neural networks and CF provides good prediction for cold start items and performs better than 
four existing RS models for non-cold start items,126 Deep Bidirectional Long Short-Term Memory showed 
significant improvement over state-of-the-art methods for music recommendations,124 DNNs, leveraged 
with three feature transformation methods (factorisation machines (FMs), restricted Boltzmann 
machines (RBMs) and denoising auto-encoders (DAEs)) have surpassed state of the art models with 
web-based personalized RS,123 and RNNs, in combination with feedforward networks, have shown 
significant improvements in real-time e-commerce recommendation systems.132  
 
Further improvements are found with context aware models which enable sensing and analysis of user 
context to provide more personalized recommendations to users.133 Often, context-aware 
recommender systems have increased sparsity and therefore tend to only incorporate a small set of pre-
defined explicit contexts that don’t necessarily accurately reflect the user context. However, the use of 
unsupervised deep learning techniques, to learn environmental features such as? low dimensional 
unsupervised latent contexts, has been showing improvements in recommendation accuracy.134 Kim et 
al. describe a novel context-aware recommendation model called ConvMF that uses CNN and 
probabilistic matrix factorization to capture contextual information in documents to enhance rating 
prediction accuracy. This model not only significantly outperforms the state-of-the-art recommendation 
models, even when rating data is extremely sparse, but also successfully captures subtle contextual 
differences of words in documents.129 Autoencoders have also been used to learn patterns of item-
related contextual behavior to predict the category of items that should be recommended to users in a 
given context.133 Citation and quote recommendation systems can also be improved with a combination 
of a variety of algorithms, including CNN, which has been used to capture important local semantic 
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features of text, and RNN, which reflect the ordering of sentences and words in the context of text, and 
which outperformed the best state-of-the-art systems by 46.7%.135 
 
Recommender systems have shown promise for military and intelligence applications as they have the 
potential to shift computational support from being reactive to being predictive. In particular, in terms 
of cybersecurity, RS can be used to generate prioritized lists for defence actions, to detect insider 
threats, to monitor network security and to expedite other analyses.136 The Australian Department of 
Defence is developing recommender systems for command and control of autonomous vehicles as part 
of a project for developing intelligent multi-UxV planners with adaptive collaborative/control 
technologies. The goal of the RS component is to reduce the cognitive burden on operators through 
recommendations, alerts and constraints on top of lower-level autonomy. In particular, they are aiming 
to develop RS that can learn recommendations at a range of command and control levels and that work 
when heuristics are not known or in new (previously unprepared for) contexts. Part of the learning 
comes from DeepMind’s (Google) Deep Q Reinforcement Learning algorithm, the same supervised deep 
learning and reinforcement learning technique that was used to teach a computer to play Atari 
games.137  
 
There are unique challenges for the military in using RS that are not faced by commercial counterparts. 
While both are dealing with high dimensional, large volumes of data, “ground truths” are not ultimately 
known by the defence community and successful use of an RS is harder to quantify (i.e. can’t be 
measured by increase in sales). The decisions that are being made in a military context are based on 
situations in which past activities do not necessarily reflect future ones (adversaries and threats are 
continually evolving) and the consequences of decisions can be significantly more serious than in the 
commercial world. As such, the need for transparency in recommendations is also higher and it may be 
necessary to incorporate a confidence measure with each associated recommendation. Future 
challenges for military and intelligence usage of RS include establishing user trust, preserving privacy 
and security, adapting to user environment, developing multilevel metrics, and promoting system 
extensibility.136  
 
Data fusion 
The Data fusion group has 40 publications, with 33 published in 2015 and 2016. These records discuss 
both unimodal and multimodal data fusion from a variety of data types including image and video. Data 
fusion is increasingly of interest as new devices, with decreasing data storage costs and increasing data 
collection capacity, flood the market. However, the analytic techniques needed to make sense of this big 
data are not fully developed. Deep learning techniques have been showing some promise in this field. 
But combining deep learning and data fusion for such tasks as event prediction, error reduction and data 
compression, still carries with it many of the classic questions about data fusion including what is the 
most effective way to combine data from different modalities and does the fusion method affect the 
performance with different classifiers.138,139 Tao et al recently explained that data fusion is usually 
performed prior to classification to reduce dimensions and the complexity of the classification model to 
improve classification performance.140  
 
Many of the articles in the past two years present various deep learning and data fusion frameworks 
within in a variety of scenarios. For example, using simulated and real-world environmental data, a 
stacked auto-encoder extracted key features from multimodal sensor data to compute compact 
representations that were used in analytic tasks.139 In another study using real world events, temporal 
multimodal data from audio, visual, depth and sensors were combined for classification tasks using a 
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hybrid recurrent neural network that could learn both modality specific temporal dynamics and 
dynamics in a multimodal feature space.141 To support semantic labeling of RGB-D scenes (a database of 
common household objects recorded in 3D video), which is critical to many intelligent applications, a 
novel Long Short-Term Memorized Context Fusion model was developed to capture and fuse contextual 
information from multiple channels of photometric and depth data and were incorporated with CNN for 
end-to-end training for improved accuracy of fine-scale semantic labelling.142 A number of other articles 
discuss data fusion and deep learning for driverless cars where multi-modal sensor information is fused 
using convolutional neural networks to better classify incoming information, often in real-time and 
space.143,144 One study also used RNNs with Long Short-Term Memory to predict driver manoeuvers 
several seconds before they occur.145 Finally, three articles focused on data fusion for improved 
diagnosis of disease.146-148 
 
Interest in finding ways to integrate data fusion into data analytics and decision support is on the 
Pentagon’s radar. On January 9, 2017, the Pentagon’s Defense Innovation Advisory Board added an 
interim recommendation to their fact sheet for their public meeting that described “Establish(ing) a 
Global and Secure Repository for Data Collection, Sharing and Analysis”. This recommendation includes 
the development of “tools to enable better decision-making through data mining, analysis and 
visualization” amongst other points. Eric Schmidt, executive chairman of Google, who is a member of 
the Defense Innovation Board, explained that this recommendation is based on the notion of data 
fusion: “The fantasy goes something like: we’re going to have all these different signals; the signals will 
be automatically detected; the immediacy…will enable the warfighter to make a better decision”.149 
Although this specific recommendation does not make reference to deep learning, other 
recommendations in the same document propose establishing a DoD center for the study of AI and ML 
(and presumably deep learning) in order to build expertise and capacity in the area with support from 
industry and academia suggesting that the data fusion and decision support would likely be facilitated 
by deep learning techniques.150  
 
Uncertainty analysis 
The Uncertainty analysis group has 35 publications, 24 of which were published in 2015-2016. The 
majority of these recent articles discuss the issue of uncertainty modelling in deep learning based image 
recognition or speech recognition applications. One of the limitations of deep learning is that there is no 
measure of the uncertainty associated with their outputs. The consequence of this, particularly in terms 
of decision making, is that it makes it difficult to determine whether the data, model or decisions are 
reliable or are more akin to random guesses. There are two main types of uncertainty that are of 
concern in deep learning applications: data uncertainty and model uncertainty.  Data uncertainty results 
from noisy data. Model uncertainty has two variations, resulting from uncertainty in model parameters 
(i.e. when a large number of models might explain a given dataset there is uncertainty about which 
model parameters to choose to predict with) or model structure uncertainty (i.e. uncertainty about 
which model structure to use). Both data uncertainty  and model uncertainty can be used to attain 
predictive uncertainty, which provides a confidence level in the prediction or classification provided by 
the deep learning model.151 
 
CNN’s are particularly adept in computer vision and image recognition applications but have been 
shown to be over-confident in their predictions (i.e. overfitting). Various techniques for modelling 
uncertainty in deep neural networks have recently been proposed, including (but not limited to) 
dropout modelling, model averaging, and Gaussian processes. In one study, a Bayesian approximation of 
Gaussian processes was used to compute a predictive mean and variance which was then used to 
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determine confidence levels. The confidence interval was then used to improve the results of a CNN.152 
Good estimates of model uncertainty are also needed in 2D and 3D object recognition tasks where there 
is a large variability of shape cues. As such, one study found a stochastic gradient Markov Chain Monte 
Carlo method to be an effective technique to learn weight uncertainty in DNNs, resulting in higher 
recognition accuracy.153 Another study proposed a weight uncertainty semi-restricted Boltzmann 
machine (WSRBM) to improve image recognition and image reconstruction, and was found to be more 
effective compared to the dropout method.154 
 
Automatic speech recognition (ASR) suffers more from data uncertainty as its abilities degrade in the 
presence of noise and other distortions. Noisy speech is typically preprocessed using speech 
enhancement algorithms.  However their accuracy is often inconsistent and varies widely across time-
frames and can cause additional distortions in speech signals. The resulting uncertainty can be used 
through an uncertainty decoding method to account for the imperfections and improve ASRs.155,156  
Uncertainty decoding is a framework that uses the measures or estimates of uncertainty in the input 
features during acoustic model scoring. When combined with DNN-based ASR systems, various methods 
of uncertainty decoding, including Monte-Carlo sampling, Hidden Markov Models, and others, were 
shown to improve accuracy.156-160 
 
Risk analysis 
Risk analysis is the second smallest group in the human decision support subset, with only 27 articles, 
85% of which were written in 2015-2016. Following a review of all the articles, 15 were found to be 
related to health risks, while five were related to financial or credit risks. The health related articles 
mainly focus on predicting risk of particular diseases, such as breast cancer161 or Alzheimer’s disease,162 
but also include an article on predicting hospital readmission163 and using electronic health record data 
to predict future diseases (more generally).164 In terms of the credit risk, deep learning techniques were 
found to provide more accurate credit risk assessments165 and sometimes perform better than standard 
feature selection methods that are currently being used by credit scoring agencies.166 Deep learning 
methods were also found to be more useful than standard financial modelling techniques at designing 
and pricing securities, constructing portfolios and performing financial risk management by being able to 
detect and exploit interactions in the data that are generally undetectable by existing financial economic 
theories.167 
 
Five other articles were classified into a group that is likely more relevant to defence interests as it 
covers issues related to security threats. In one article, CNN was used to detect the smuggling of non-
explosive devices known as small metallic threats (SMTs) that have recently been used in terror attacks.  
CNN can detect SMTs in X-ray images of cargo containers more quickly and accurately  than human 
visual inspection.89 CNN has also been used to detect buildings from high-resolution satellite images for 
the purpose of (amongst others) disaster risk management in rural areas and villages.168 One interesting 
study used deep learning technologies to bypass Google’s reCaptcha service and Facebook’s image 
captcha servicea in an effort to identify reCaptcha’s weaknesses and propose a series of modifications.169 
Another article reported on the use of deep learning to classify posts on a popular Chinese “end of the 
world” forum, in order to assess societal risk perception.170 Finally, a joint Canadian-Chinese paper 
presented a methodology for critical infrastructure vulnerability assessment and risk analysis and 
identified the role of deep learning methods in the development and commissioning of future cyber 
defense solutions.171  
                                                           
a Captcha are text recognition or image based challenges designed to prevent robotic fraudsters from illicit 
activities online. 
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Decision making/support (human) 
The Decision making group has 97 articles, 65 of which were published in 2015-2016. The largest portion 
of the articles in the last two years is related to medical applications and, in particular, those that involve 
image analysis for diagnostic purposes.172-174  For example, one study describes a novel CNN to support 
neuroimaging-based brain disease diagnosis.116  In a slightly different direction, but still in the medical 
applications domain, one article described the advantages and disadvantages of various deep-learning 
approaches for facilitating knowledge, pattern and relationship discovery in the growing publicly 
available unstructured medical research text corpora, which can be exploited by medical 
recommendation systems to support decision making.175  
 
Another large group of articles was related to data mining and text analysis. Two focused on using 
sentiment analysis to support decision making. The first proposed a framework of sentiment analysis 
based on deep learning to deal with the high dimensionality of product reviews in an effort to support 
customer decision making.176 The second tackled sentiment analysis of news articles and used the 
results to help semantically model the full text by using CNN with a bi-direction Long Short-Term 
Memory neural network to capture contextual information and extract salient information from the 
news documents.177  Similarly, another study attempted to detect deceptive opinion spam in product 
and services reviews by using CNN to represent the semantic meaning of sentences in the review and to 
provide a document-level representation.178  Another study combined deep learning with Decisional 
DNA which explores knowledge extraction based on a domain’s past decisional events. Results of this 
study were found to be very promising in terms of enhancing the accuracy of knowledge-based 
predictions that are required in complex decision-making.179 Finally, one study used stacked denoising 
auto-encoders to mine unstructured text data produced in cross-enterprise social interaction media, to 
map out massive manufacturing relationships which were used as decision support information.180   
 
Some of the other articles published in the last two years looked at using deep learning to improve 
managerial decisions by: 

 constructing a forecasting model based on customer behavior and sales data,181  
 making decisions about credit applicants based on their credit scores,166 and  
 detecting and semantically tagging moving objects in video in near real-time speed to support 

intelligent planning and decision making.182  
One article in particular presented an intelligent decision support tool that used a hybridized deep belief 
network and non-linear kernel-based parallel evolutionary support vector machine to predict and 
classify the evolutionary states of complex systems, such as early-warning-of-risk of harmful algal 
blooms and mobile robot navigation.183   
 
Many of the remaining articles were not specifically focused on deep learning in decision making tools 
as much as deep learning for other applications that might include a step or component that involves or 
relates to decision making. For example, one article about using deep learning to mine data collected 
from the Internet of Things (IoT) mentioned that the data gathered by the IoT can be used to enable 
better decision making, improve efficiencies, and enhance productivity and accuracy.184 Similarly, in an 
article about autonomous vehicles, the authors noted that this technology is about decision informatics 
and “embraces the advanced technologies of sensing (i.e., Big Data), processing (i.e., real-time 
analytics), reacting (i.e., real-time decision-making), and learning (i.e., deep learning)” but doesn’t 
discuss the impact that deep learning has on decision making.178 In these articles, and many others like 
them, the decision making is a sidebar to the focus of the article.  
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Recent news releases corroborate the growing trend of using deep learning to support decision making 
in the medical field. The Center for Digital Health Innovation at the University of California, San 
Francisco (UCSF) announced on January 19, 2017 a collaboration with Intel Corporation to build and test 
a medical based deep learning analytics platform designed to predict patient outcomes and support 
better front-line clinical treatment decisions. This next-generation platform is intended to integrate the 
huge volume and variety of data from genomic sequencing, monitoring, sensors and wearables to 
support rapid data-driven clinical decision making.185 Transparency Market Research projects the global 
healthcare natural language processing (NLP) market to grow to US$4.3B by the end of 2024, 
representing a CAGR of 18.8% between 2016-2024. NLP, based on machine learning and deep learning 
algorithms, is used in the medical field for predictive analysis and clinical decision support as the 
algorithms extract knowledge from clinical documents.186 The U.S. FDA approved the first deep learning 
cloud-based medical imaging application, Arterys Cardio, to be used in clinical settings to diagnose heart 
problems.187  
 
Deep learning decision support is also breaking into other industries such as human resource 
management and manufacturing, as well as at the CIA.  Gayle Sheppard, who joined Intel corporation 
with the acquisition of the cognitive computing company Saffron Technology, projects that 2017 will be 
the year that AI-enabled decision support systems will move from testing to enterprise adoption across 
a variety of industries.188 A December 2016 report by McKinsey & Company identified healthcare, smart 
cities, and human resource management as key industries to benefit from deep learning based decision 
support by making decisions more consistent, reliable and transparent.189  Strategic Business Insights, 
another research and consulting company, also noted opportunities for deep learning in manufacturing 
in a diverse range of decision support tasks including production scheduling and sales strategy.190 Finally, 
the Deputy Director for Digital Innovation at the CIA, Andrew Hallman, explained that the agency:  
 

…has significantly improved its ‘anticipatory intelligence’ using a mesh of sophisticated 
algorithms and analytics against complex systems to better predict the flow of everything from 
illicit cash to extremists around the globe. Deep learning and other forms of machine learning 
can help analysts understand how seemingly disparate data sets might be linked or lend 
themselves to predicting future events with national security ramifications.191 
 

Despite the progress that is increasingly being seen in the uptake of deep learning decision support, one 
challenge that remains is the commonly held view that deep learning is a black box from which it is hard 
to understand how results were reached. As such, users may continue to be reluctant to rely on deep 
learning outputs for decision making until the field is better able to explain what is going on under the 
hood.189  
 
Military 
The Military category is the smallest in the dataset with only 22 publications, 68% published in the last 
two years. Six are related to some sort of target, threat or hazard detection and four are related to 
vehicle detection. Amongst the first group of articles, DBN was used to detect explosive hazards at range 
using forward-looking ground-penetrating radar (FLGPR) systems both with significantly increased 
probability of detection and nominal number of false alarms.192 CNNs have been used in similar 
scenarios to classify GPR images of buried explosive hazards.193 Research at the Pacific Northwest 
National Laboratory, under the auspices of the U.S. Army Public Health Command, has developed 
INStINCt, an Intelligent Signature Canvas framework to detect depleted uranium aerosol doses and risks, 
using CNNs. CNNs have also been used for detecting typical targets from massive high-resolution remote 
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sensing image data.194 In terms of vehicle detection, research has focused on both stationary and 
moving vehicle detection, including aircraft detection, from Laser Doppler Vibrometry,195 UAVs (more 
generally),196 satellite imagery,197 and very high resolution remote sensing images.198 The addition of 
deep learning algorithms helps overcome challenges with low-quality UAV videos and platform 
movement (i.e. vibrations), and makes significant contributions including real-time and higher detection 
accuracy rates. Identification of different vehicle types can help the military recognize and distinguish 
details, such as those with missile launchers or mounted machine guns.199  
 
Two other articles of interest looked at the use of deep learning for situation awareness. The first is a 
2016 publication by the National Defense University, China, which analyzes DARPA’s use of deep 
learning technologies for battlefield situation intelligent cognition.200  The second is a 2015 Pennsylvania 
State University dissertation on dynamic data-driven application systems (DDDAS), which integrate 
simulation with dynamically assimilated data, multiscale modelling and computation that combines 
symbolic time series analysis and deep learning. DDDAS have potential applications for situation 
awareness in intelligence, surveillance and reconnaissance missions.61 
 
Overall, the use of deep learning in military applications is not frequently presented in the academic 
literature, but this is not likely to remain the case as it is known from a few searches on military web 
information resources that the military is actively pursuing this area. For example, DTIC has roughly 111 
unique entries from 2011-2016 that touch on deep learning, 34 of which were from the last two years. 
Overall, these documents, although not analyzed as part of this project,b are more focused on image 
analysis followed by acoustic modelling, speech recognition and computer vision.   
 
A brief selection of recent U.S. defense and intelligence research in the area of deep learning also 
reflects a continued move in this direction. In 2016, AFRL-Rome released broad agency announcements 
related to deep learning including: 

 “Deep Learning for Actionable Intelligence Discovery and Exploitation”:  a US$9.9m business 
opportunity seeking the development and demonstration of a time-dominate data fusion and 
closed loop ISR system for intelligence customers, and  

 “Multi-Source Information Extraction and Network Analysis (MUSIENA)”: a call for white papers 
on developing MUSIENA capabilities for the Air Force to better conduct analytical operations in 
support of ISR missions.201  

Additionally, IARPA’s Creation of Operationally Realistic 3D Environment (CORE3D)202 and Deep 
Intermodal Video Analytics (DIVA)203 research programs include research on deep learning.  In August 
2016, DARPA released a broad agency announcement called “Explainable Artificial Intelligence (XAI)” 
soliciting innovative research proposals to create a suite of new or modified machine learning 
techniques, including deep learning, that produce explainable models that end users can easily 
understand.204 DARPA’s 2017 President’s Budget Submission includes mention of deep learning in a 
number of projects:  

 Mining and Understanding Software Enclaves(MUSE): “Apply deep learning algorithms on 
complex graph structures produced by corpus mining to discover latent relationships among 
corpus elements for automated program repair and synthesis.” 

                                                           
b It is not possible to export the standard metadata from DTIC for that is used in our analyses. As such, titles and 
document descriptions were imported into Vantage Point and natural language processing was performed on the 
text. The keywords were then grouped using the existing thesauri from this project, and the results are reported 
here at a high level.  
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 Automatic Target Recognition (ATR) Technology: “Develop adaptable ATR algorithms to rapidly 
learn new targets with minimal measured data and evaluate algorithm learning rate.” 

 Seeker Cost Transformation (SECTR): “The technical approach to target recognition will start 
from "deep learning" and 2D/3D machine vision algorithms pioneered for facial recognition and 
the identification of critical image features.”205 

 
In a 2015 market report, Frost and Sullivan noted that the rising use of UAVs to provide ISR data to the 
military creates a growing demand for deep learning technologies to provide automated analysis of the 
mounting petabytes of data that is captured. Deep learning technologies are projected to assist analysts 
in dealing with the continual flood of information.206 Finally, general web searching revealed that MIT, 
funded by DARPA, has created a new microchip that is intended to perform deep learning functions on 
smart phone-sized devices in the battlefield,207 and the Pentagon is planning on using deep learning to 
better understand ISIS as a network and how to better target and defeat it.208 Given that there is clear 
interest by the military in using deep learning, it is likely that more academic research, directly tied to 
military interests, will be forthcoming.  
 

5.3 Quantum Computing 
Overall there is limited evidence in the dataset that quantum computing will have a significant impact 
on deep learning. The full dataset contained only 16 articles (0.002%) that included the keyword 
“quantum”, only five of which showed up in the sub dataset. One article based on research conducted in 
2014 by researchers at Microsoft showed that quantum computations provided a much better 
framework than classical approaches (e.g. contrastive divergence) to identifying algorithm weights and 
training Boltzmann Machines. The authors note, however, that while numerical results on small 
examples are encouraging, scalable quantum computers will be needed to assess the generalization of 
their findings.209 Researchers at Lockheed Martin ran similar tests and found that quantum sampling-
based training of a Restricted Boltzmann Machine achieved comparable or better accuracy with less 
iteration than conventional contrastive divergence training. They likewise cautioned that further 
investigations were needed to determine to what extent the improvements could be attributed to 
quantum effects.210 
 
A few companies do appear to be attempting to use quantum computers to support deep learning 
applications. D-Wave (a Canadian company, the first in the world to sell quantum computers) is working 
on exploiting the parallels between sparsely connected restricted Boltzmann machines and quantum 
computers to substantially accelerate learning in deep, hierarchical neural networks.211  
 
At the same time, Google explained in 2015 that it was not using the quantum computer it acquired 
from D-Wave to support its deep learning applications, as it viewed the quantum computing 
infrastructure as not being the best fit for systems such as CNN or RNN. One of the factors that lead to 
this conclusion was the fact that deep learning requires both a model and a set of values for parameters, 
while the number of parameters and operations that current quantum computers can hold are very 
small.212 
 
It appears that more time and research (by the deep learning and quantum computing communities) 
will be needed to determine if, or in what scenarios, there is a viable match between the two. 
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6 KEY PLAYERS 

6.1 Key Players: Full Dataset 
Figure 9 shows the top 20 author affiliations. The majority of the top affiliations are from China, (8), 
followed by USA (5), and Singapore (4). Three major corporate bodies are near the top of the list, 
including Microsoft (284 publications), Google (141) and IBM (127) each with international corporate 
and research locations. Both Google and IBM include publications from notable subsidiaries or divisions 
in the field, including Google’s DeepMind and the IBM T.J. Watson Research Center, where the majority 
of IBM’s research is from. Three Government/RTO affiliations in this list include the Chinese Academy of 
Sciences, which is the top affiliation with 445 publications, the Agency for Science, Technology and 
Research (A-STAR), Singapore (82) and the Centre National de la Recherche Scientifique (CNRS), France 
(73). One Canadian affiliation, the University of Toronto (85), appears in the 15th position in this list.  
 

 
Figure 9. Top Affiliations, Full Set 

 
Canada is actually one of the top five countries overall in the dataset with a total of 403 publications, 
preceded only by USA (2779), China (2601), UK (618) and Japan (408). Figure 10 presents the top 
Canadian affiliations with 10 or more publications.  
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Figure 10. Top Canadian Affiliations, Full Set 

 

6.1.1 Canadian Areas of Expertise 
The major areas of expertise (five or more publications in the full dataset) for the top Canadian players 
are presented in Figure 11. A full list of research areas is available in the Tableau workbook. Canada 
appears to be more broadly focused on Image analysis & processing than Speech recognition. 
 

 
Figure 11. Areas of Research, Canadian Affiliations, Full Set 

 

6.1.2 International Collaborations 
All collaboration maps in this report were produced using TouchGraph Navigatorc

 software. Nodes 
within clusters tend to be close together while nodes in separate clusters are farther apart. That being 
said, the proximity of nodes has been slightly altered to improve the readability of the map. 

                                                           
c TouchGraph Navigator is produced by the US company TouchGraph LLC: http://www.touchgraph.com/navigator  
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TouchGraph’s clustering algorithm ignores long edges that connect separate clusters, thereby splitting 
separate connected components into the clusters that are shown.d  
 
Figure 12 presents the top 20 affiliations, as well as Canadian affiliations with a minimum of three 
publications and their collaborations with all other affiliations in the full dataset that have a minimum of 
ten publications. This figure, which shows a minimum of four collaborations, along with another 
collaboration map that is filtered to seven collaborations, are available in the Tableau workbook.  There 
are six major clusters in this map. The main two are centred on the Chinese Academy of Sciences 
(turquoise) and Microsoft (purple), with many shared collaborative partnerships between the two. 
Another two are centered on Google (yellow) and IBM (dark blue), both of which predominantly include 
North American collaborators. The last two clusters involve CNRS, France (dark green, bottom) and 
Université de Montreal (bright green, top) both of which are dominated by collaborators in their home 
countries.  Canadian players are circled on the map. 

 
Figure 12. International Collaborations, Full Set 

                                                           
d TouchGraph Navigator identifies clusters based on ‘Edge Betweeness Centrality’. For more information on the 
clustering algorithm used by TouchGraph Navigator please see 
http://www.touchgraph.com/assets/navigator/help2/module_7_7.html?MenuState=AUdAAO-0hAHvtIQABO-0hO-
0gwAZAQPvtIRjbHVzdGVy 
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6.1.3 Canadian-International Collaborations 
Figure 13 presents the international collaborations of the Canadian affiliations that have a minimum of 
three publications in the full dataset. The map is filtered to show collaborations that include a minimum 
of two co-publications. The map reveals a central cluster surrounding the University of Toronto (U of T), 
Université de Montreal (U de M), York University, and the University of British Columbia (UBC) which 
have all collaborated with Microsoft at least four times. U of T and U de M have also both collaborated 
with Facebook, the Canadian Institute for Advanced Research (CIFAR), Université de Sherbooke and New 
York University but never directly with each other. Each of the four main Canadian players in this cluster 
has many other international collaborative partnerships. U of T has the highest number of repeat 
collaborations on the map with 10 co-publications with IBM. Additional clusters include one at the 
University of Waterloo with a number of Chinese and European affiliations, and three other smaller 
collaborative relationships for Concordia University, Dalhousie University and Simon Fraser University.  
 
 

 
 

Figure 13. Canadian-International Collaborations, Full Set 

 

6.2 Key Players: Human Decision Support Subset 
Figure 14 presents the top affiliations in the human decision support subset.  While many of the same 
affiliations from the full dataset are present, a few new affiliations appear, including: Beihang University, 
China (25), University of Electric Science and Technology of China (23), University of North Carolina, 
USA, University of Oxford, UK and Xiamen University, China, all with 22 publications.  
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Figure 14. Top Affiliations, Human Decision Support Subset 

 
 
Figure 3. Subjects in Human Decision Support SubsetFigure 15 presents the top Canadian affiliations in 
the human decision support subset with a minimum of three publications. New to this list are CIFAR 
with four publications, and the University of Alberta with three publications 
 
 
 

 
Figure 15. Top Canadian Affiliations, Human Decision Support Subset 
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6.2.1 Canadian Areas of Expertise 
Figure 3. Subjects in Human Decision Support SubsetFigure 16 presents the research focus of the 
Canadian affiliations in the areas of human decision support. The figure is limited to those topics with a 
minimum of three publications per affiliation. A summary of each affiliation’s research in these areas is 
provided below.  
 

 
 

Figure 16. Canadian Affiliations Areas of Expertise  
 
The Université de Montreal (U de M) has 22 publications in the decision making subset and 67 
publications in the full dataset. U de M is the academic home of Yoshua Bengio, one of the pioneers of 
the modern stream of deep learning research. Bengio is currently head of the Montreal Institute for 
Learning Algorithms (MILA) in the Department of Computer Science and Operations Research, as well as 
the co-director of the CIFAR program on Learning in Machines and Brains (formerly known as Neural 
Computation & Adaptive Perception).  He is also the Canada Research Chair in Statistical Learning 
Algorithms.213 MILA is world-renowned for many breakthroughs in developing novel deep learning 
algorithms and applying them to language modelling, machine translation, object recognition, 
structured output generative modelling and speech recognition.214  
 
Publications from the U de M on Forecasting/Prediction (seven articles)  mainly focus on testing or 
developing new or improved deep learning algorithms with improved ability to predict accurately. For 
example, one article investigates the modelling of time series data using gated auto-encoders and 
recurrent networks, which outperform standard recurrent networks in terms of prediction accuracy on a 
variety of tasks.215 A paper co-published with University of British Columbia, reveals that many deep 
learning models can accurately predict the parameter values (or weights of a network) with minimal to 
no training.216, Another publication introduces the multi-prediction deep Boltzmann machine (MPDBM) 
which, unlike the traditional DBM, does not require greedy layerwise pre-training and outperforms DBM 
at classification, classification with missing inputs, and mean field prediction tasks.217 From a different 
perspective, another article presents a deep learning approach to predicting velocity and direction 
changes (odometry) from visual information using CNN.218 
 
Six of U de M’s articles are focused on Emotion/Sentiment recognition with three being co-published 
with the CHU Sainte-Justine Research Center. These three co-publications are focused on emotion 
recognition in video and emanated from the U de M’s winning team submission to the 2013 Emotion 
Recognition in the Wild Challenge. The articles report on a variety of approaches including the use of a 
multi-modality classifier (ie CNN, DBN, K-means and auto-encoder)219,220 as well as a hybrid CNN-RNN 
architecture.221 Other studies investigate deep learning to perform emotion recognition in 2D face 
images,222 in online reviews and recommendations,223 and in modelling affect manifested through 
physiological signals of video game players.224 
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Four of U de M’s articles are focused on the use of deep learning in Searching, two of which focus on the 
development of latent semantic models using deep learning,225,226 and one that identifies random search 
as more effective for hyper-parameter optimization in neural networks and deep belief networks than 
grid search.227 
 
One of the more interesting articles published by the U de M with the Harbin Institute of Technology, 
China on recommender systems tested a CNN-based model which used social media data to identify 
users’ consumption intentions. The new model (Consumption Intention Mining Model – CIMM) was 
found to be both effective and transferrable across domains (which is typically challenging with other 
CNN models) and is thus a powerful tool for recommender systems and targeted advertising.228 
 
The University of Toronto (U of T) has 17 publications in the decision making subset and 85 in the full 
dataset. The U of T Computer Science department is home to Geoffrey Hinton, another pioneer of the 
modern stream of deep learning research, who also works part time at Google as an engineering 
fellow.229 Hinton is a member of the Machine Learning research group which focuses on neural 
networks, statistical pattern recognition, probabilistic planning and adaptive systems, as well as a 
member of the Toronto Deep learning group whose website provides live demos of image classification 
and image to text conversion.  
 
Four of U of T’s publications are focused on human activity recognition, each of which presents a new 
deep learning architecture to perform one or more of a variety of human activity recognition tasks. One 
of the articles proposes a new feed-forward, auto-regressive architecture to perform facial expression 
recognition.230 Two examine a combined hierarchical Dirichlet process Deep Boltzmann Machine (HDP-
DBM) model to learn novel concepts from very few training examples that could efficiently learn and 
make inferences in object recognition, handwritten character recognition and human motion capture 
datasets.231,232 The last describes the development of a Deep Belief Network (DBN) which could be used 
for recognition tasks, including gesture, object and facial expression recognition.233 
 
U of T’s three publications on Forecasting/Prediction are, similar to U de M, focused on the predictability 
of the deep learning architectures that are being tested. For example, one article, published with 
Google, describes using an autoregressive product of a DNN-Hidden Markov Model system trained to 
predict the phone labels of multiple frames to improve speech recognition accuracy.234 Another 
discusses the challenge of overfitting in large networks and the ineffectiveness of using predictions of 
many different large neural nets to overcome this challenge.235 The last, co-published with CIFAR, 
reports on the use of deep learning as an approach to pattern discovery in predicting the sequence 
specificities of DNA- and RNA-binding proteins.236 
 
U of T’s three publications on Uncertainty analysis focus on using deep learning to reduce uncertainty 
involved in tasks.  For example, the authors of one paper used CNN to perform flow matching (of traffic 
participant motion in the context of autonomous driving) and showed that the CNN was able to 
estimate the uncertainty of its matches.237 Another article investigates the use of deep (factored)-
restricted Boltzmann machines for simultaneous object tracking and recognition that includes an 
attentional mechanism that learned to control gazes so as to minimize tracking uncertainty. The last 
article describes the use of Bayesian CNN that can infer sun direction in images as part of a visual 
odometry pipeline that computes a principled uncertainty associated with each prediction which is then 
used for optimal data fusion.238 
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The University of British Columbia (UBC) has 12 publications in the decision making subset and 34 in the 
full set. UBC’s Department of Computer Science has an artificial intelligence unit with a machine learning 
research group lead by Mark Schmidt that focuses on, amongst other topics, deep learning, neural 
computation and prediction, and optimal decision making.239 
 
Half of the articles in the subset are focused on either Forecasting/Prediction (3) or Diagnostics (medical) 
(3) research. The first of the Forecasting/Prediction articles describes the use of deep learning to extract 
latent features from brain lesion patterns to predict short-term disease activity in patients with early MS 
symptoms.113 A second article shows that algorithms using deep stacking networks are more effective 
than existing multiple measurement vectors for modelling compressive sensing settings as it improves 
the shallow neural network prediction.240 Last is a co-publication with U de M which reveals that many 
deep learning models can accurately predict the parameter values (or weights of a network) with 
minimal to no training.216 The three articles on Diagnostics (medical) report on various uses of deep 
learning for medical image based diagnoses including : 

 the use of deep belief networks as part of a framework to analyze temporal ultrasound signals 
of prostate tissue to complement and improve differentiation of benign and cancerous tissues 
in MRIs,241  

 the use of deep feed-forward neural networks to automatically detect and predict the location 
of vertebrae in CT scans to improve computer-aided diagnosis systems,242 and finally, 

 the use of an improved convolutional deep belief network which is significantly faster than 
previous versions and makes training on 3D medical images practical.243 

 
The Canadian Institute for Advanced Research (CIFAR) has only four publications in the sub-dataset and 
eight in the full dataset. It is the home of the Learning in Machines & Brains (LMB) research program 
(formerly known as Neural Computation & Adaptive Perception) which, according to Yann LeCun, “had a 
huge impact in forming a community around deep learning”.  LeCun is the third key pioneer of the 
modern stream of deep learning researche and co-director of the LMB program with Bengio (U de M). 
Hinton (U of T) acts is an advisor of the LMB program after formerly acting as director.244,245  The low 
publication count might be the result of the fact that all of the research fellows are associated with 
other universities and thus likely publishing under their academic affiliation instead of under CIFAR.  
 
Three of CIFAR’s publications are found in the Forecasting/Prediction group. One recent article presents 
a Recombinator Networks model combined with a denoising prediction model that reduces error from 
the previous state-of-the-art on two facial keypoint datasets.246 A second article discusses learning 
classification labels by using CNN to make predictions at the instance level by inferring sentence 
similarity.247 The last article, co-published with U of T, reports on the use of deep learning as an 
approach to pattern discovery in predicting the sequence specificities of DNA- and RNA-binding 
proteins.236 
 
The University of Guelph has five publications in the subset and 17 in the full dataset. The Guelph School 
of Engineering has a Machine Learning Research Group led by Graham Taylor, who studied under both 
G. Hinton and Y. LeCun. Taylor is also the CIFAR Azrieli Global Scholar in the LMB research program. Four 
of the University of Guelph’s publications are on Human activity recognition and are mostly focused on 

                                                           
e Yann LeCun later headed up the AI research lab at Facebook and founded the NYU Centre for Data Science. (see 
http://yann.lecun.com/ for more details on LeCun’s work) 
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gesture recognition and hand motion. Three of the articles describe the value of using multi-scale and 
multiple data modalities (e.g. depth video, articulated poses and speech) along with a RNN to model 
large-scale temporal dependencies, data fusion and ultimately gesture classification. This approach was 
further improved by the use of a ModDrop training technique that lead to a robust classifier that could 
provide meaningful predictions when signals were missing from one or several modalities.248 249,250 The 
remaining article proposes a deep learning based-approach for hand pose estimation, targeting  and 
gesture recognition, that requires very little labelled data and uses unlabeled data during training to 
improve results.251 
 

6.2.2 International Collaborations 
Figure 17 presents the international collaborations in the human decision support subset limited to 
those with three or more occurrences. The three Canadian collaborators are encircled. Once again, the 
two main clusters in the map are centered on the Chinese Academy of Sciences, China and Microsoft. 
Google (upper left, red) and IBM (middle right, yellow) have only one collaboration each in this map 
while the CNRS, France is no longer present. U de M forms a cluster with CHU Sainte-Justine Research 
Center and Goethe University, Germany while the University of Guelph is seen collaborating with the 
Université de Lyon, France.  
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Figure 17.International Collaboration, Human Decision Support Subset 
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6.2.3 Canadian-International Collaborations 
 

 
Figure 18 presents the collaboration networks of the Canadian affiliations with a minimum of 10 
publications in the human decision support subset. The map is filtered to show collaborations that 
include a minimum of two co-publications.  This map is significantly less populated although CNRS, 
France does reappear with connections to University of Guelph. Both U de M and UBC are collaborating 
with Microsoft, while UBC is collaborating with U of T, who is collaborating with Google and MIT, USA.  

 
 

 
Figure 18. Canadian-International Collaborations, Subset  
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7 APPLICATION AREAS 
Figure 19 presents a list of all applications from the full dataset that are also found in the human 
decision support subset.  
 

 
Figure 19. Applications in Subset 

 
While this list is largely comprised of the preselected application-based subject groups that are in the 
human decision support subset, we also see the following applications: 

 Bioinformatics 
 Cybersecurity 
 Economics/Finance 
 Gaming 
 Genetics 
 Geophysics 
 Health 
 Information science 
 Linguistics 
 Robotics 
 Simulation 
 Traffic engineering 
 Transportation 
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 Virtual/Augmented reality 
 

This suggests that each of these application areas has some overlap with human decision making 
concepts. To identify the overlap, Figure 20 presents a co-occurrence matrix of the applications listed 
above with the human decision support subset topics. To facilitate viewing, the figure has been limited 
to co-occurrences of five or greater (the full matrix is available in the Tableau workbook). This figure 
allows us to see that, for example, deep learning research in Decision making/support (human) has 
occurred in the context of Health, Robotics, Economics/Finance and even Gaming. Similarly, deep 
learning research in Data Mining is relevant in Health, Linguistics (computational), Economics/Finance, 
Information science, Bioinformatics and Geophysics.  
 
 

 
 

Figure 20. Co-Occurrence of Decision Support Topics with Application Topics 
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7.1 Future Applications 
One of the challenges of identifying future applications is that the majority of the research is focused on 
advancing existing algorithms and reporting on their results, and is not theorizing about future 
applications or directions of research at this stage. The human decision support dataset has only 16 
articles that explicitly mentioned future directions, and of these, particularly for those articles written 
before 2015, the goals have already been reached. Other sources that do talk about future goals in 
regards to deep learning are more focused on the larger AI question regarding the potential for AI to 
surpass human intelligence and what consequences that might have for society. Virtually no material 
was found discussing the future applications of deep learning as applied to human decision support.  
 
Frost & Sullivan projected in 2015 that the huge amount of data generated by aerospace and defence, 
education, finance and healthcare made them key sectors to be impacted by deep learning. Deep 
learning was expected to be applied in these sectors to unravel customer insights, buying behavior, and 
future impact scenarios to support key decision makers. For example, deep learning of big data is 
expected to generate visualizations of massive datasets involved in portfolio and investment 
management supporting major strategic decision making. Similarly, marketing can make use of deep 
learning to reveal clear patterns of collaboration between developers and vendors to support strategic 
decision making.252  
 
LeCun (Director of AI, Facebook) noted, at a 2016 CERN Colloquium called Deep Learning and the Future 
of AI, that while the most impressive applications of deep learning are emerging from industry, the 
majority of good ideas will continue to come from academia. In particular, he noted that the image and 
speech recognition of today will soon lead to better language understanding, dialog and translation. 
Similarly, today’s image recognition capabilities at Facebook, Google, Twitter, Microsoft and others, will 
soon lead to better auto-pilots for cars, robot perception and medical image analysis. New hardware for 
embedded applications is still needed for smart cameras and mobile devices, to name a few. Finally, he 
explained that building deep learning applications that integrate reasoning, have a good architecture for 
short term memory, and can follow good principles for unsupervised learning, are still far off on the 
horizon.253  
 
In a series of recent interviews with some of the top names in deep learning (e.g. Director of Skymind, 
research scientists at OpenAI, Google, CIFAR, etc… ), the most frequently mentioned area of research 
that was expected to be advanced in the coming years was related to deep unsupervised learning. Other 
applications that were identified as likely in the next five years include: 
 

 Automation of some decisions that are taken based on new knowledge gained from deep 
learning and AI based big data analytic tools. (Based on reinforcement learning and 
interpretation of sensory data)254 

 Bridging the gap between big data and better decisions (by combining deep learning for 
perceptual tasks with other AI and machine learning techniques for reasoning) 

 Models that can learn from fewer training cases 
 Applications with multi-modal problems with more structured data, opening opportunities in 

data mining and knowledge discovery 
 Applications that can run on cheap mobile devices without extra hardware support or 

prohibitive memory overhead 
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 Scaling to video; outperforming current approaches to natural language processing; significant 
advances in deep reinforcement learning 

 Modelling the behaviour of genes, drugs, proteins for the design of new medicine 
 Learning that persists beyond individual datasets 
 Video recognition, medical imaging and text processing  
 Integration of deep learning in commercial products (like face detection which has been 

incorporated in consumer cameras in the past 10 years).255 
 

In a review of deep learning applications that are set to impress the market in 2017, the following 
applications were noted: 
 

 Advanced melanoma screening and detection 
 Brain cancer detection 
 Ultrasound images, pre-natal care 
 Weather forecasting and event detection  
 Emerging market price forecasting 
 Space mission efforts 
 Civil and mechanical engineering – predict structural response under earthquake load.256 

 
In a presentation at the 2016 GPU Tech Conference, B. Zhang, a technology fellow with BAE Systems, 
projected that future geospatial intelligence systems will incorporate deep learning and offer smarter 
systems that could learn from their mistakes, and detect and monitor defense relevant objects at 99% 
accuracy, with significantly reduced software engineering and enhancement costs.257  
 
Finally, although not much information was found on future applications of deep learning in decision 
support applications, one indication that this market is expected to grow can be seen in the figure below 
regarding IBM’s “Cognitive Solutions,” which is based on Watson, which uses deep learning.   
Figure 21, which was presented at an IBM Investor Briefing in 2016 and projects that “Cognitive 
Solutions”, which support decision making, will be a ~$2T USD market by 2025.258 
 
 

 
 

Figure 21. IBM’s Projected Decision Support Market Opportunity 
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8 DEEP LEARNING LIMITATIONS  
Given the current stage of deep learning research, which is being led by major corporations and is 
primarily focused on development and advancement of existing algorithms, there is currently very little 
documentation of deep learning limitations, especially within the specific context of human decision 
making support. 
 
In general, there are three main limitations to deep learning, including: 
 

 Architectures and output models that are, in many ways, seen as a black box,  
 Deep learning’s inability to reason or apply learning to another context,  
 The need for massive amounts of data.  

 
In terms of deep learning being a black box, this is a commonly used term to discuss the fact that deep 
learning suffers from a lack of theory supporting its processes, algorithms and resulting models. For 
example, given a certain dataset and goal, there could be two neural networks with different weights 
that achieve the same results, but how they have reached the results remains unexplainable. Similarly, 
while it might reach a decision with better accuracy than another technique, it cannot tell you why it 
reached that decision. While it is possible to interrogate the hidden layers to see what the machines are 
doing, an empirical confirmation of the outputs is generally needed.  This is especially true given the 
many layers and thousands of nodes that may be at play. As such, data scientists are left with evaluating 
a model based on a measure of how well they predicted a result, rather than understanding the 
architecture itself. This leaves open the potential for blind spots that might not be caught by initial 
training and test data and might lead to unexpected errors in unusual situations.259, 260-262  
 
Developing common sense reasoning or even "understanding" is a big challenge for all machine learning 
systems, including deep learning. Most deep learning algorithms are only good at a single task (no single 
algorithm is yet efficient at bothidentifying objects and playing video games) and they cannot transfer 
what they have learned from one domain to another. For example, Google’s DeepMind Deep Q 
Reinforcement algorithm, which learned to play Atari games, could not transfer its learning from one 
game to another and had to learn each game from scratch, even if it had played it before.  From a 
military perspective, while deep learning can rapidly identify objects and detect threats in massive 
amounts of ISR data, it cannot provide actionable insights based on the data input. While solutions to 
this specific example, and the problem in general, are in the works, they are being developed at a slower 
pace than the more technical abilities of, for example, image or text recognition.263,259,261,262,264 
 
Last is the need for massive amounts of data to effectively train and test deep learning algorithms. 
Finding ways for deep learning tools to more efficiently work with less data is necessary for a wider 
range of industries to make use of it.261,265  
 
Many human decision support tools will use big data as inputs, but the nature of big data brings 
challenges in terms of its: “high dimensionality, streaming data analysis, scalability of deep learning 
models, improved formulation of data abstractions, distributed computing, semantic indexing, data 
tagging, information retrieval, criteria for extracting good data representations, and domain 
adaptation”.266 In this context, the following questions were noted in 2015, as remaining to be 
answered: 
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 What volume of input data is generally necessary to train useful (good) data representations by 
Deep Learning algorithms, which can then be generalized for new data in the specific big data 
application domain? 

 Domain adaptation which considers the distribution shift between the input data source (for 
training the representations) and the target data source (for generalizing the representations) is 
an important focus of study. This relates to the generalization capacity of deep learning data 
representations and patterns, which is an important requirement in big data analytics. 

 What criteria are necessary and should be defined for allowing the extracted data 
representations to provide useful semantic meaning to big data (e.g. something akin to 
misclassification errors)? In other words, what would constitute a good data representation that 
is effective for semantic indexing and or data tagging?266  

 
Finally, in a plenary speech at the IEEE-ICASSP meeting that was given by Li Deng, Chief Scientist of AI, 
Microsoft, in March 2016, the following challenges for future research were identified and echo some of 
the limitations discussed above: 
 

1. Structured embedding for better reasoning: integrate symbolic/neural representations 
2. Integrate deep discriminative and generative/Bayesian models 
3. Deep unsupervised learning.267  

 
This last point, the need to develop unsupervised deep learning, was echoed by LeCun (Director of AI, 
Facebook) at a 2016 CERN Colloquium called Deep Learning and the Future of AI, where it was pointed 
out that a machine’s ability to model the environment, predict possible futures and understand how the 
world works by observing it and acting in it, is still a very active research topic at the moment.  
 

9 COMMERCIALLY-AVAILABLE TECHNOLOGIES 
 
Table 5 presents companies that offer a commercially available product; categorized by the major 
subjects of interest in this report.  An attached spreadsheet provides additional information on each 
company, including what the tool uses deep learning to do, what type of deep learning is used and 
relevant notes, as available.  
 

Table 5. Commercial Deep Learning Technologies 

Category/Company Category/Company Category/Company 
Decision Support 
Military: 
Archarithms 
Massive Analytic 
Orbital Insight 
Stottler Henke Associates 
Video Inform 
Other: 
Digital Reasoning (Various) 
Enlitic (Medical) 
Gyana (Urban Planning) 
Houzz (Home Renovation) 

Security 
Cyber: 
Cylance 
Dark Trace 
Deep Instinct 
Demisto 
Invincea 
Ripjar (cyber & audit) 
Securonix 
Signal Sense 
Vulnerability Insight 
Zimperium 
 

Medical Imaging/Diagnostics 
Atomwise 
Avalon AI 
Bay Labs 
Behold AI 
Butterfly Networks 
Clarifai 
Deep Genomics 
Enlitic 
Grail 
Imagia 
Lunit  
Medy Match 
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Category/Company Category/Company Category/Company 
Physical: 
Mentat 
UMBO CV 
Other: 
AppZen (expense fraud) 

Crixlabs 
Recursion Pharmaceuticals 
Zebra Medical Vision 

Surveillance 
Camio 
Canary 
DeepGlint 
Herta Security 
HyperVerge 
Indicio 
Orbital Insight 
Salesforce Einstein (fka MetaMind) 
ViSense 

Emotion/Sentiment Recognition 
Affectiva 
Cogito 
Ditto Labs 
IBM Watson 
Indico Data 
Lexalytics 

Big Data Analytics 
Alphabyte Solutions  
Arimo 
Groundhog Technologies 
IBM Watson 
Pervazive 
PointGrab 

Event Detection 
Ripjar 
Tractable  
UMBO CV 

Recommender Systems 
IBM Watson 
Skymind.ai 
Yusp (fka Gravity R&D) 

Risk Analysis 
Intraspexion (Legal) 
Legal Robot (Legal) 
Resilinc (Supply Chain) 
Vulnerability Insight (Cybersec.) 

Forecasting 
AlpacaAlgo 
Shopper Trak 

Data Fusion 
GiantGrey (SCADA) 
Leidos (GEOINT) 

Other 
deepsense.io (deep learning project 
tracking) 
 

 
 

10 CONCLUSIONS 
The objective of this study was to detect and categorize the international R&D domains in the field of 
deep learning for human decision support, as well as to identify the commercially available products on 
the market. Results of this project can be used to identify domains that could present an area of interest 
for which DRDC may wish to develop expertise and to support the selection of future deep dive projects.  
 
The current state of deep learning research, which has seen a significant jump in the last two years 
alone, is still largely focused on developing, modifying, adapting and testing various deep learning 
algorithms for different tasks and reporting its ability to surpass previous state-of-the-art alternatives. 
As Chris Nicholson, founder and CEO of the deep learning company Skymind, said in a recent interview 
“…most people are focused on the problems of making it work, applying it to existing problems, or 
inventing some incremental improvement”.254 The improvements that are being achieved, however, are 
impressive. For example, Google’s algorithm, which learned to recognize cats in internet images, does so 
at a rate that is approximately 70% better than the previous state-of-the-art.   
 
This report looked at two datasets related to deep learning; the broader set, which included 8,565 
publications, and a human decision support subset containing 2,395 documents, which included client- 
selected topics from the full set.  Thirteen different deep learning architectures were found in the 
dataset; however, each has a growing multitude of algorithmic variations. Convolutional neural 
networks (CNN), which is most frequently used for image related tasks, and deep neural networks 
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(DNN), which is most frequently used for speech related tasks, were the most frequently discussed in 
the literature both in the full and sub datasets. 
 
Emerging trends were identified in the full dataset and described in more detail for the human decision 
making subset. Research momentum is picking up most notably in Visualization, Surveillance, Event 
detection, Computer aided instruction, Recommender systems and Risk analysis. Momentum has also 
been seen in Decision making/support, Data fusion, Uncertainty analysis and the Military.  There was 
very limited evidence in the dataset that quantum computing is expected to have a major impact on 
deep learning. That being said, additional web searching and database scoping did reveal that there is a 
small amount of research in the area. As such, further investigation is recommended, in order to make a 
fuller assessment of the potential impact of quantum computing on deep learning.  
 
The majority of the top affiliations are organizations from China, followed by the USA and Singapore.  
Three major corporations are amongst the top six affiliations, including Microsoft, Google and IBM. 
Similarly, three RTO affiliations are seen in the top 20, including the Chinese Academy of Sciences, which 
is the top affiliation in the full dataset, the Agency for Science, Technology and Research (A-STAR), 
Singapore and the Centre National de la Recherche Scientifique (CNRS), France.  Canada, which is ranked 
5th in the world in deep learning research, has expertise in Imaging analysis & processing, Learning 
systems and Speech recognition. One Canadian affiliation, the University of Toronto, also appears in the 
top 20 affiliations list. Analysis of the human decision support subset reveals that a number of the 
Canadian affiliations also have some capacity in Forecasting/Prediction, Emotion/sentiment recognition, 
Human activity recognition, Searching, Diagnostics (medical), Recommender systems and Uncertainty 
analysis. 
 
A number of Canadian affiliations, including Concordia University, Université de Montreal (U de M), 
University of Toronto (U of T), University of British Columbia, York University and University of Guelph, 
are collaborating on the international scene. York University, UBC, U of T and U de M have collaborative 
relationships with IBM, Microsoft, Google or Facebook. 
 
The human decision making subset is comprised of applications and tasks selected from the full set, 
suggesting that those were the primary applications areas in the human decision making subset. 
However, upon closer examination, additional applications were found in the subset, including, but not 
limited to, Cybersecurity, Gaming, Simulation, and Virtual/Augmented reality. This suggests that these 
domains also have decision making components that deep learning may be addressing. Additional 
analysis would be required for more details.  
 
The current focus of deep learning research, i.e. significantly improving the algorithms within a short 
period of time, coupled with the fact that much of the research is being led by some major corporations, 
made identifying future applications and limitations challenging. There is minimal information in the 
literature and few market reports which discuss these issues in terms of deep learning for human 
decision support.  
 
Sources that did report on future goals were more focused on the larger AI question regarding the 
potential for AI to surpass human intelligence and what consequences that might have for society. Frost 
& Sullivan projects that deep learning will impact aerospace and defence, amongst other sectors, by 
informing future impact scenarios in support of key decision makers. LeCun, the director of AI at 
Facebook, recently explained that building deep learning applications that integrate reasoning, have a 
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good architecture for short term memory, and can follow good principles for unsupervised learning are 
still far off on the horizon.  Furthermore, he pointed out that a machine’s ability to model the 
environment, predict possible futures and understand how the world works by observing and acting in 
it, is still a very active research topic at the moment. In recent interviews with some of the top names in 
deep learning, the most frequently mentioned area of research for the future is improvements in deep 
unsupervised learning.  Gaining a fuller understanding of the specific challenges and keeping abreast of 
developments in this area is highly recommended.  Similarly, it is highly recommended to explore IBM’s 
“Cognitive Solutions”, (outside the scope of this study), which IBM presents as having the potential to 
meet a decision support market that is projected to grow to roughly $2 trillion USD by 2025.  
 
In terms of deep learning limitations in general, and again, not specific to human decision support, the 
three main challenges are: 
 

 Architectures and output models that are, in many ways, seen as a black box,  
 Deep learning’s inability to reason or apply learning to another context,  
 The need for massive amounts of data.  

 
In terms of deep learning using big data for decision support, the main outstanding issues relate to 
generalizability of training and learning from one domain to another.  
 
Deep learning has the potential to dramatically improve the accuracy of data analytics for human 
decision support. However, modern deep learning research is still at a very early, albeit fast moving, 
stage of development.  As such, this report provides a snapshot of the current state of research with 
some projections of future directions. It is highly recommended that this topic be followed closely for 
new developments as they are expected to occur at a fast pace. Furthermore, it is also recommended to 
include a subject specialist in future analyses of the domain. 
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12 APPENDIX A: ATTACHMENTS 
The following files have been provided as attachments to the recipients of this report. 

Table 6. Attachments 

Filename Description 
1. Deep Learning Visualizations Tableau workbook 
2. Deep Learning Companies Excel 

 

13 APPENDIX B: METHODOLOGY 

13.1  Searches 
To address the key questions in this project, a broad search on next generation computing was 
conducted in several databases including Scopus, National Technical Information Service (NTIS) and 
Inspec between 2011 and 2016. The terms listed in Table 7 were used in multiple combinations with 
various Boolean operators depending on the database that was searched. An additional search was 
conducted in Defense Technical Information Center (DTIC) to support the description of research trends 
in the Military subject group but the results were not part of the dataset that was analyzed in all other 
sections of the report.  
 
 
 
 

Table 7. Search Terms 
 

Generic Known Architectures 

"deep neural networks"    
"deep learning"   
"deep structured learning"   
"hierarchical learning"    
"deep machine learning"    
"deep memory networks"    
 deep reinforcement  learning     
 
 

"deep belief networks"    
"convolutional neural networks"    
"deep boltzmann machines"    
"deep auto-encoders"    
"deep stacking networks"    
"compound hierarchical deep models"    
"multilayer kernel machines"   
"deep Q-networks"    
deep q-learning    
deep convolutional  network    
convolutional deep  network     
deep  autoencoder    
convnet    
lstm  OR  "long short-term memory"   AND  deep   
restricted  boltzmann  machine   AND  deep     
recurrent  neural  networks   AND  deep     
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13.2  Analysis 
All references were downloaded into VantagePoint software for analysis. VantagePoint enables the 
creation of various groupings, statistical analyses, matrices, graphs, and cross-correlations to analyze the 
data and profile the activities of the major players.  
 
Keywords, classification codes, index keywords, key phrase identifiers, subject headings, author 
keywords and words and phrases extracted by natural language processing of titles were merged 
together to facilitate subject analysis (hereafter referred to as keywords). Keywords were then 
organized into subject groups through a variety of steps.  
 
Different analytical tools were used to generate graphs based on statistical operations performed in 
VantagePoint. TouchGraph software was used for cluster analysis and visualization of the subject groups 
while Tableau software was used to generate bubble graphs.  
 

13.3  R&D Momentum 
The R&D Momentum indicator is designed to identify rapidly rising subjects with relatively few 
publications. The challenge of identifying such subjects lies with the publication volume as a 
confounding factor, for their rapid growth and evolution is dwarfed by the high volume of established 
subjects. Specifically, the notion of "emerging" consists not only of a sharply rising trend line but also of 
a small footprint in the domain of interest. A relatively small footprint is the reason emerging subjects 
are often overlooked until their disruptive impacts become obvious. In the Momentum indicator, the 
two parameters correspond to (1) growth rate which is the slope of a subject’s trend line (right-left axis), 
and (2) volume which is the cumulated total number of publications (vertical axis). 
 
Once growth rate and volume are separated, a two-dimensional coordinate can be used to plot a group 
of subjects. To do so, the two parameters have to be normalized with z-scores. The normalization 
process converts two sets of values in different units into the same measure by means of standard 
deviation, which also standardizes the variations for each of the two parameters. The four-quadrant 
visualization provides a structured view of the relative position of these subjects within the group.  
 
The techniques involved in producing this indicator can be applied to both literature and patent data. 
However, emergence is a concept more relevant to scientific breakthroughs than to patents, because 
the latter is closer to the application stage when the technology of concern has matured. The literature 
covers a broader range of topics, is more diverse, and explores pre-commercial problems by attempting 
different strategies. This sort of exploration usually precedes what eventually shows up in patents, 
whereas patents represent a relatively small subset of what is seen in the literature, i.e., a subset of 
what can be exploited commercially. Therefore, we may assume that emerging subjects are much more 
likely to appear in the literature. Once reaching the patenting stage, they have generally passed the 
exploration phase and have already demonstrated real or anticipated commercial attractiveness.  
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