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Abstract: Normal and abnormal Cardiac function of the 

human heart can be evaluated through the application of 

EKG/ECG waveform processing and evaluation. Although 

traditionally the interpretation of these waveforms 

remains largely a manual effort, as computing power has 

increased, so has the application of computational 

methods to their evaluation and classification.  One 

computational method previously applied was the 

Artificial Neural Network, but its application required the 

addition of signal pre-processing and feature extraction.  

Recently, a new computational model, Hierarchical 

Temporal Memory has become available for research.  

This model itself is an attempt to replicate the structural 

and algorithmic properties of the neocortex in the human 

mind.  One key component of this model is the ability to 

present the waveform as an image absent of pre-

processing and feature extraction.  It is the application of 

this model to the evaluation of ECG waveforms that is the 

subject of this research.  The results obtained correlate to 

the HTM model’s ability to mimic human learning and 

provide similar classification ability.     

 

Introduction 

 

Vision is a key component for human learning.  We are 

visual entities; we learn by observation, by visual 

experience and we form pattern memories based on what 

was observed.  Learning cannot be defined in simple terms, 

although there are preconceived notions of what learning 

constitutes.  Neuroscience provides one simplistic 

definition of learning as a process that alters the synaptic 

strengths between neurons, allowing for pattern memories 

to form and inference to take place.  Discussions on how 

the brain uses what it has learned to solve complex 

problems is no longer delegated solely to philosophy, but is 

the subject of intense research across multiple disciplines 

including neuroscience, psychology and increasingly 

artificial intelligence.  What appears to be a task so easily 

accomplished by humans, invariant visual pattern 

recognition, still eludes computational models of human 

intelligence or what we refer to as Artificial Intelligence. 

 

The history of Artificial Intelligence parallels the 

development of the digital computer, yet its foundation can 

be traced back to 1950 when Dr. Alan Turing published his 

article entitled “Computing Machinery and Intelligence” 

[1], where he poses the question, “Can Machines Think?”  

To arrive at the answer, he provides us with a “game” to be 

applied as a test to determine machine intelligence, which 

inadvertently created a de facto constraint in our ability to 

determine the existence of artificial intelligence. The 

significance of this paper could not have been anticipated at 

time of its publication, yet its impact on artificial 

intelligence cannot be disputed.  The Turing Test continues 

to influence AI research, but Turing himself did not see this 

as such.    

 

What is now realized, Turing’s level of understanding of 

intelligence and artificial intelligence was far more 

advanced than previously understood, specifically in how 

we learn.  It was Turing’s understanding [2][25], in trying 

to imitate an adult human mind, we should consider three 

issues: the initial state of the mind, the education it has 

been subject to, and the other experiences it has been 

subject to (that which cannot be classified as education).  

His final thoughts indicate we should try to 

computationally model a child’s mind and then “educate” it 

to obtain the model of the adult brain.  This revelation 

correlates to the development of the perceptron, neural 

networks and determined to be one of the foundational 

pillars for the Hierarchical Temporal Memory model. 

 

Over the years, our definition of artificial intelligence and 

our expectations of its application have changed, it could 

even be said to have matured.  In its application to 

robotics, we see how integrated computational systems are 

used to assist in the diagnosis of Autism [3]; how voice 

and handwriting recognition software and systems are 

used for placing orders or to obtain information about our 

account; and we see the beginnings of the integration of 

computational technology which allows a paraplegic the 

ability to take small steps towards regaining their ability to 

one day walk again.  Advancements in AI research have 

and continue to contribute in these and many other areas. 

 

Within Turing’s article, he expressed his belief that 50 

years hence from its publication, in the controlled 

experiment as presented by his article, we would be hard-

pressed in distinguishing the difference between a human 

and a computer during an interaction between them and 

another person.  If the definition is strictly applied, we are 

not nearly as advanced as is required to pass the Turing 

Test. 
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Learning and Memory 

 

Our brains learn and remember or form memories, but what 

are the mechanisms by which this takes place?  These 
questions have now become central questions across 

multiple disciplines, fostering convergence, and allowing 

them to work together in the study on how the brain and 

behavior allows us to learn and to create memories.  One of 

the surprising discoveries in the biology of memory is that 

learning alters the physical structure of the brain, exhibiting 

plasticity in its ability to change and adapt. 

 

This remarkable plasticity exhibited is central to our 

individuality and is influenced by the exposure to varying 

environments.  Not all of our experiences will create 

permanent memories in our brain; many are temporary.  

Our interests, preferences, motivations and personality play 

a defining role in determining the quality, quantity and 

persistence of the information that will form memories in 

our brain. 

 

In addition to the question how memories are created, the 

question where memories are stored is also a question 

under investigation, with the current view there is no single 

location within the brain where memories are stored.  Many 

areas of the brain appear to participate or to work in concert 

in the internal representation of memory by encoding 

different aspects of the whole, what has been determined to 

be a distributed model.  The study of individuals who 

sustained brain trauma indicates the area affected may not 

impede the ability to recall memories. There are regions of 

the brain having specialized functions such as language, 

vision or motor control as examples, each contributing to 

the overall storage of memories. 

 

In 1949, Donald Hebb [4] provided a working mechanism 

for memory and computational adaptation in the brain 

now referred to as Hebbian Learning.  Briefly, if a neuron 

receives an input from another neuron and if both are 

highly active (mathematically have the same sign), the 

weight between the neurons should be strengthened.  Hebb 

looked at learning as consisting of the modification of 

these connections.  Memory and leaning must be due to 

activities in a cell assembly in which cells are connected 

in specific circuits.  Learning is associated with the 

construction of cell assemblies relating the formation of 

pattern associations.  This law formed the basis of the 

brain as the modern neural network, theoretically capable 

of Turing’s complete computational complexity.  This 

implied a "learning" network model where not only could 

the network make associations, but it could also tailor its 

responses by adjusting the weight on its connections 

between neurons.  Hebbian Learning greatly influenced 

the concepts behind the HTM model.     

 

Electrocardiography 

 

Electrocardiography is the process of recording and 

interpreting the electrical activity of the action of the 

heart.  Augustus Waller [5] postulated in the late 1880s 

this electrical activity could be measured, providing 

physicians with the ability to study the heart's normal 

behavior and allow for the diagnosing of abnormalities.  

William Einthoven [6] developed the first practical device 

for recording the activity of the heart in 1903.   From his 

crude device, we have progressed to the modern digital 

devices.  The recordings are called electrocardiograms, or 

more simply an ECG.  The electrocardiogram produced is 

a visual representation of the electrical activity of the 

heart.  The standard ECG in a clinical setting has 12 leads.  

There is a specific arrangement or pattern on how these 

leads are placed on the human body.  The waveform 

patterns produced by each one of these individual leads 

are, with the assumption of normal heart pathology, 

characteristic to that lead.   

 

A normal ECG shows a sequence of at least three waves 

labeled P, QRS, and T. The baseline voltage of the 

electrocardiogram is known as the isoelectric line. 

Typically the isoelectric line is measured as the portion of 

the tracing following the T wave and preceding the next P 

wave. The P wave is a small, low-amplitude wave 

produced by the excitation of the atria of the heart. It is 

followed by a resting interval, which marks the passage of 

electrical impulses into the ventricles.  This is followed by 

the QRS wave, a rapid and high-amplitude wave marking 

ventricular excitation.  The third wave is a slow-building T 

wave, which indicates ventricular recovery. When 

interpreting the ECG waveform there are many rhythm and 

morphological variations easily identifiable. 

 

ECG and Computational Methods 

 

Computer analysis of ECG began with the work of 

Pipberger [7] in 1961.  Currently there are three 

computerized interpretations techniques: (1) statistical 

methods (2) deterministic method and (3) the use of 

artificial neural networks.  The most common technique is 

the deterministic approach.  This mimics a diagnostic 

criteria tree used by human experts that has been translated 

into a computer program.  The weakness of this technique 

is that it does not take into account the patient’s condition 

of medical history.  Validation of the algorithm is also 

problematic.  Although the computer is often accurate, 

most physicians do not rely solely on computer 

interpretations and the guidelines stipulate that an expert 

electro cardiographer should confirm the accuracy of the 

ECG report. 

 

In the multitude of papers written and reviewed concerning 

the computational evaluation of ECG waveforms [8] [9] 

[31] [32] [33], one of the common methods is the 

application of traditional artificial neural networks (ANN).  

ANNs have been used to correlate ECG signals to specific 

pathologies, in the classification of the individual ECG beat 

waveforms, for the determination of myocardial infarction 

to identify but a few of the of most significant applications.  

The majority of these neural networks were designed using 

well-documented methodologies and mathematical models.  

In addition they included the need to pre-process the data 

and to identify a set of extracted features. 

 

The Artificial or Classical Neural Network model 

employed today is the evolution of the perceptron model of 
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Dr. Frank Rosenblatt [15] [16].  Although commentary by 

Minsky and Papert [19] retarded advancements in ANN 

research for a period of time, with the advent of back-

propagation multi-layer neural nets and the contributions of 

the Parallel Distributed Processing Group [17][18], 

research is again moving in a forward direction.  Artificial 

neural networks have been extensively applied in the field 

of medicine and within cardiology.   

 

Hierarchical Temporal Memory 

 

The neocortex in humans is associated with such tasks as 

visual pattern recognition, understanding language and 

object recognition and manipulation.  These are just some 

of the basic tasks which we engage in on a daily basis, 

allowing us to function in our world, yet with all of the 

advancements in computer hardware, software and 

computing in general, computers are still incapable of 

cognitive function.  The neocortex is the structure in the 

brain assumed to be responsible for the evolution of 

intelligence.  If applied to computers, then there is the 

possibility of building computational models with the 

ability to approach the performance of a person for some 

cognitive tasks.  Invariant Pattern Recognition is one of 

those tasks and ECG waveforms are heartbeat patterns.   

 

The Hierarchical Temporal Memory (HTM) model is an 

attempt to replicate the structural and algorithmic 

properties of the neocortex [11] [12] [13] [14].  Although 

there are some similarities with Bayesian Networks, the 

HTM model really should be viewed as a memory 

prediction model.  The HTM can also be compared to 

traditional Artificial Neural Networks (ANN) in that they 

contain input, have nodes which process, the nodes are 

connected and a result is given.  How they learn, how they 

resolve the differences between different patterns and the 

computational algorithms behind the HTM model, removes 

any connection to ANNs. 

 

A unique aspect of this memory system is discovery.  For 

the HTM to learn, it must discovery “causes”.  These 

causes are part of a defined “world” and the network 

“senses” these causes.  The HTM receives these as patterns 

and provides “beliefs”.  These beliefs are probabilities for 

each of the learned causes.    The basic structure of an 

HTM is a hierarchy of nodes, with the bottom nodes as the 

receptors of the sensory data.  Each node will perform the 

same learning algorithm as it attempts to discover the cause 

of the input.  Beliefs also exist at all levels and each of 

these levels communicates with each other, both up and 

down the hierarchy.  

 

The HTM model has its foundation as based on human 

neurological function, specifically identified in its pattern 

of learning and its ability to form pattern memories for 

pattern classification. Previous and concurrent research has 

shown this model’s ability in the area of pattern recognition 

in vision applications.  From observation, the model will 

store “pattern memories” from the learning dataset and then 

demonstrate the ability to correctly classify incomplete or 

unknown patterns not previously encountered.  In addition, 

the model demonstrates the ability to correctly differentiate 

between the various classes of patterns when presented en 

masse.  There is another distinct characteristic observed 

during model optimization, it exhibits a learning curve 

similar to that of humans.  As the number of iterations 

increase or the number of images presented during 

learning, the ability to correctly classify or identify 

unknown images increases. 

 

Research Model 

 

The research methodology of Pattern Recognition [20] [25] 

was applied to the classification of ECG waveforms.  

Pattern recognition is a computational method used in the 

determination of patterns in data, but can be equally applied 

to patterns in images.  When neural networks are used, the 

data is presented as a numeric vector of extracted features 

associated with the problem domain.  It should be noted the 

feature set represented by the vector is critical as part of the 

design, but when determining which features should be 

represented, there is the possibility of prejudice in which 

features are included.  In the research undertaken herein, 

the data was presented as images in the approximate size as 

would exist on a standard ECG printout and as presented to 

a cardiologist for interpretation.  In opposition to an 

Artificial Neural Network, the HTM pattern recognition 

model mimics the cognitive ability of the neocortex in 

creating pattern memories of images and when presented 

with an unknown image, the ability to match these pattern 

memories to determine the image classification.  

 

ECG Data 

 

One of the most commonly studied medical waveform is 

the electrocardiogram, with some of the most widely 

referenced databases available from the MIT maintained 

website, www.phyisonet.org [21][22].  Beth-Israel Hospital 

in Boston created a series of databases consisting of 

digitized ECG signals representing a wide range of cardiac 

waveforms and is referenced as the Massachusetts Institute 

of Technology – Beth Israel Hospital (MIT-BIH) database.  

The MIT-BIH database was the result of years of 

investigating methods for real-time ECG rhythm analysis 

and has been accepted as a standard database for 

developing and testing ECG processing and pattern 

recognition algorithms. 

 

A review of the data records contained in the MIT-BIH 

database shows nearly 46 out of 48 data records include the 

data from Limb Lead II.  The Limb Lead II is commonly 

used in three lead as well as twelve lead ECG recordings.  

This lead features a prominent and upright QRS complex, 

facilitating the choice of this lead.  For automated ECG 

interpretation, there is a need for stability in order to obtain 

a usable recording.  Limb Lead II stability is key for 

obtaining this recording.  Looking at previous research, the 

usage of Limb Lead II is prevalent in single lead studies 

and when it comes to the detection of the most common 

changes in rhythm, the use of a single lead has not proven 

to be a major disadvantage [24].  A complete ECG 

interpretation would include the waveforms as produced 

from all twelve leads, but in the application of 

computational methods to ECG classification, one usually 
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starts with single lead data sets and thereafter extends it to 

multi-lead systems. 

 

The various files within the databases were reviewed in 

order to obtain a diversity of ECG waveforms.  The ECG 

waveforms fall into classifications such as normal sinus 

(NS), left bundle branch block (LBBB), right bundle 

branch block (RBBB), premature ventricular contraction 

(PVC), etc.  Of the beat classifications, Normal Sinus, 

LBBB and RBBB beats were used in this study.  The 

waveform images were taken from different databases and 

different records (patients) from within the databases. The 

primary components of a single beat are represented by the 

P wave, QRS complex and the T wave.  Different cardiac 

pathologies will alter these components.  The literature 

provides research examples where each beat was classified 

as opposed to a few seconds of the ECG waveform output 

[9].  Examples of multiple beats or multiple QRS 

complexes used for evaluation are limited and numeric data 

was always applied.  The various individual beats are 

represented in Figure 1.  

 

        
 
Figure 1 - RBBB, NS and LBBB 

 

Table 1 provides information associated with the image 

dataset.  Those datasets marked with an asterisk are the sets 

used to create learning and unknown image set.  The total 

number of beats used was 1160 per data set, which 

consisted of learning and unknown subsets.  Each learning 

set was comprised on 300 images, 100 from each group 

classification.  The remainder was delegated to the 

unknown set.  

 

Database Record Waveform Number of 

Images 

MITDB 103 Normal Sinus 377 

MITDB 109 LBBB 400 * 

MITDB 118 RBBB 303 

MITDB 122 Normal Sinus 460 * 

MITDB 123 Normal Sinus 300  

MITDB 231 RBBB 300 * 

 

Table 1 - Beat Classes and Number of Images 

 

Each unknown data set contained 860 images comprising 

of 300 LBBB images, 360 normal sinus images and 200 

RBBB images.  Each image data set was created at random 

using a method which made it impossible for an image to 

exist in both the learning and unknown data set.   

 

It is a common practice in the development of neural 

networks used in pattern recognition or classification to 

pre-process the data, which holds true for research related 

to ECG analysis.  Pre-processing as applied herein relates 

to the isolation and extraction of the individual ECG beats, 

as images, from the ECG waveform recording.  These 

recorded waveforms contain approximately eight seconds 

of a thirty to sixty minute recording. Each grid interval (red 

vertical lines) represents 0.2 seconds.  Each ECG beat 

image extracted corresponds to approximately one second 

and contains the important components of an individual 

beat.  In addition, each ECG beat images is standardized to 

a size that approximates what would be viewed by a 

cardiologist.  No ECG beat image, once created, was 

discarded, regardless of noise or other variances.  

 

HTM Implementation 

 

All of the documentation and examples as provided by 

Numenta concedes there are no set methodologies or 

mathematical correlations available to determine or 

calculate the best HTM structure for the problem domain 

under evaluation.  This extends to the various parameters 

required to optimize the performance of an HTM model.  

The de facto recommendation is settings are based on 

educated guesses and refined by trial and error.  The other 

factor is associated with the limited research employing the 

HTM model, yet recently, a few applications have appeared 

in the literature for song identification [27], anomaly 

detection [28] and image classification [29]. 

 

The experimental design requires the construction of an 

optimized HTM model capable of forming a sufficient 

number of pattern memories (coincidences) of the ECG 

images during learning, followed by its application to an 

unknown set of images for classification.  Preliminary 

experiments were designed to address those parameters 

identified as influencing the learning ability of the HTM 

model, correlating this ability to that of human learning, 

both individually and collectively.  Various HTM models 

with different configurations and parameters were created 

to observe the ability to learn from an image database and 

how this would affect the ability to classify the unknown 

images.  Various mathematical correlations slowly 

emerged during this experimental phase, providing an 

expanded insight into HTM model optimization and 

human learning.   An experimental process based on both 

the provided documentation and available research was 

developed and applied during experimentation.  Figure 2 

is a graphic representation of a vision based HTM model.  
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Figure 2 – A Basic Vision HTM Model [12][13][14] 

 

Some of the key parameters identified included, but were 

not limited to, the number of iterations at each level, the 

Euclidian distance during vector formation, the number of 

images applied during learning, the maximum number of 

coincidences (pattern memories) allowed and the 

maximum number of groups allowed for pattern grouping.  

Minimum accepted performance values were applied to 

determine which models would be used in the future. 

 

Of the many different configurations tested, the ones 

based on some mathematical correlate provided the best 

classification results.  Although not specifically covered in 

any of the documentation or previous research, a visual 

inspection of the actual coincidences or pattern memories 

and how they were grouped proved to be valuable in 

adjusting and optimizing parameters.  One model 

configuration continually provided excellent classification 

percentages, in addition to excellent stability.  In addition, 

various parameters could be altered without a loss in 

classification performance.   

     

Results and Discussion 

 

Research or examples of the application of the HTM model 

to pattern recognition problems is limited.  Basically, there 

is a supplied example with the NUPIC distribution and 

recently it was applied to automated design evaluation [34], 

land-use classification [29] and song identification [27].  

There exist a greater number of studies where Neural Nets 

were applied to the classification ECG waveforms and 

individual heartbeats, such as that of Thiagarajan.    

 

The over all objective of Thiagarajan’s research [9] was to 

improve the accuracy of neural network based single lead 

ECG beat and rhythm classification through the application 

of an Artificial Neural Network.  For the classification of 

the same grouped heartbeats as used in this study, he 

obtained an average classification percentage of 91 percent 

for the training set and 79 percent for the unknown set.  He 

used a 1 to 1 training to unknown ratio, each containing 

approximately 700 entities.  For his research, a numeric 

vector of extracted features was presented to the ANN 

during training and for those unknown beats to classify.   

 

Schey [27] applied the HTM model to song identification.  

After the learning phase, the network returned an 

identification rate of 100 percent.  These encouraging 

results were verified through the presentation of a larger 

data set.  It was reported even though the data set increased 

eight fold as compared to the original; the HTM model still 

achieved a success rate of 100 percent. 

 

The various Hierarchical Temporal Memory Models as 

applied to the data herein returned a classification accuracy 

exceeding those of an ANN, without the necessity of data 

pre-processing.  For the classification of the individual 

ECG beats, with very few exceptions, the classification 

rates exceeded 99 percent and approached 100 percent for 

many of the individual models in combination with the 

various data sets.  The overall average percent 

classification of the individual beats, across a variety of 

models was approximately 99.6 percent.  Table 2 is a 

random sample of specific HTM models, together with 

their associated classification percentages.  
Model unkn1 unkn2 unkn3 Avg 

p1215_4000 100.0 100.0 99.7 99.9 

p1215_4000a 99.2 100.0 98.7 99.3 

p1215_4000b 99.7 100.0 100.0 99.9 

p1215_4000c 98.6 100.0 99.0 99.2 

p1215_4000e 99.7 100.0 98.7 99.5 

Averages 99.4 100.0 99.2 99.6 

 

Model (Mask) unkn1 unkn2 unkn3 Avg 

p1215_4317a2 99.7 100.0 99.7 99.8 

p1215_4317a3 100.0 100.0 99.3 99.8 

p1215_4317a3b 99.4 100.0 99.7 99.7 

p1215_4317a3c 98.6 100.0 100.0 99.5 

p1215_4317a3d 100.0 100.0 99.7 99.9 

Averages 99.5 100.0 99.7 99.7 

 
Table 2 – HTM Model Results 

 
The experimental results indicate the number of images and 

the number of iterations applied during learning directly 

influenced the performance of an HTM model in its ability 

to correctly classify and differentiate the individual ECG 

beat images.  When all unknown images were presented to 

a HTM model after learning en masse, it was able to 

correctly differentiate and classify the vast majority, if not 

all, of heartbeats to the correct waveform class.   

 

Noise and occlusion were added to the unknown images to 

test the classification ability of an HTM model.  The 

addition of background noise to the unknown image set did 

not have a significant effect on the ability to classify the 

unknown images.  Even with a high level of noise added, 

the model correctly classified an average of 99.4 percent of 

the images.  This is not true for those images where varying 

degrees of image occlusion were added.  Please reference 

Figure 3, which provides an example of a “clean” image 

and images with increasing occlusion.  
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Figure 3 – (A) A Clean NS Image. (B)-(D) Various levels 

of Image Occlusion 

 

As the level of occlusion increased, the ability of the HTM 

model to correctly classify the images begins to decrease.  

Unlike background noise, where the waveform image is 

basically preserved, occluding part of the image increased 

the difficulty for pattern matching to occur, causing a drop 

in classification percentage.  As an observation, the highest 

level of image occlusion increased the inability of a person 

to correctly classify the unknown beat images.  Graph 1 

provides a pictorial representation of the decrease in 

classification ability as image occlusion increases.   

 

 

 
 
Graph 1 – Percent Classified as Image Occlusion Increases 

 
Presenting the actual heartbeat images to the model was an 

attempt to mimic human learning and classification ability.  

This is a departure from other pattern recognition models, 

yet the ability of this model to learn and classify unknowns 

is closer to that of a human, but why?   

 

The images presented to an HTM during the learning phase 

are patterns of heartbeats, each pattern having been 

assigned to a specific classification.  The model begins the 

learning process by first creating pattern memories for the 

various unique visual aspects of the image, breaking down 

the image into components before they are grouped 

spatially and temporally.  From the perspective of human 

vision, as an individual scans a pattern (image saccades), 

the pattern’s unique components are identified individually 

and then “reassembled” to form the complete image, 

creating the memory.  When a previously unseen image or 

pattern is presented, it too is broken down into its 

components to be “matched” to the pattern memories to 

determine identification, classification or inference.  As the 

different components of the pattern memories are formed 

for the ECG waveforms, the patterns are grouped by 

association, and then grouped categorically, by associating 

the pattern memories to specific heartbeat pathology.  

Many of the images share common artifacts, such as the 

underlying grid present in an ECG printout.  These visual 

artifacts thus become pattern memories across all 

categories, leaving the differences in the position and shape 

of the waveform for differentiating the pattern memories 

for the specific ECG waveforms. 

 

The coincidences or pattern memories formed during the 

learning phase are used to reconstruct the complete image 

when applied to an unknown for classification.  It does not 

matter if it is a complete image or its various components.  

There was a distinct need to determine how often the 

learning image set needed to be sampled to insure a 

sufficient number of coincidences or pattern memories are 

created to insure the correct classification of unknown 

images when presented to the model.  The results from 

various experiments to determine this sampling rate 

(iterations) provided a unique observation.  When keeping 

all other parameters constant, as the number of images in 

the learning set increased, the accuracy of the model 

increased, eventually approaching 100 percent.  The 

graphic representation of this result resembled the standard 

learning curve as provided by Ebbinghaus [30], which shall 

be taken as a correlation to human learning. 

 

 
 

Graph 2 – HTM and Standard Learning Curve 

 

In Graph 2, the smooth curve represents the Standard 

Learning curve as a function of the number of times an 

individual is exposed to the learning data.  The other line 

represents the HTM learning curve, also as a function of 

exposure to the learning data, as represented by the number 

of images provided during learning. 

 
The formulation of a mathematical model to determine the 

number of groups, coincidences per group, the number of 

iterations required to create a sufficient number of pattern 

memories or any other parameter, was met with limited 

success.  It was determined the level of complexity of the 

ECG images used during learning and the relationship 

(Euclidian proximity) between the graph (which could be 

classified as noise) and the ECG waveform produced 

pattern memories of greater complexity, diversity and 

Euclidian differential than encountered in previous 

example. It was already noted, there are no rules, guidelines 

or comprehensive formulas to provide the solution or at 
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least the starting point of the key parameters.  It was the 

visual inspection of the pattern memories formed, the 

grouping of the patterns, the groups with many associated 

coincidences and the number single coincidence groups, 

which was necessary to validate the results.  Therefore, 

once a visual inspection of the pattern memories was 

completed, the HTM model parameters could be altered. 

 

Conclusions 

 

The primary objective of the research presented herein was 

to determine if the Hierarchical Temporal Memory model 

when applied to the classification (pattern recognition) of 

ECG waveform patterns (individual ECG beats), would 

return performance results equal to or greater than the 

application of a neural network.  The HTM would be tested 

to determine, after learning, if it is capable of 

differentiating and correctly classifying the ECG beats 

when presented to the HTM model en masse and randomly.  

In addition, learning will be accomplished visually by 

presenting to the HTM model the ECG beat images as 

opposed to a vector of extracted features.   

 

The results obtained provided strong evidence the 

Hierarchical Temporal Memory Model provides a unique 

and improved approach for the classification of ECG 

waveforms, with the potential of providing a classification 

accuracy of 100 percent. Additional experimental results 

indicate the number of images and the number of iterations 

applied during learning directly influences the performance 

of an HTM model in its ability to correctly classify and 

differentiate the individual ECG beat images, mimicking 

human learning. 

 
The Hierarchical Temporal Memory is an attempt to 

replicate the structural and algorithmic properties of the 

neocortex.  The intended use of the HTM model is to 

develop more advanced artificial intelligence, doing so by 

first understanding how the human brain functions.  It is a 

different approach. If continued success is found applying 

this computational model to pattern recognition, it is 

possible artificial intelligence will move to a new level, 

while fostering a better understanding of human cognition. 
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