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Abstract— An early diagnosis of glaucoma is essential to 

limit its unwanted progression. OCT is an important tool 

which provides a means of obtaining objective measurements 

of the optic nerve which is highly useful in the process of 

ascertaining the diagnosis of glaucoma. Optical coherence 

tomography (OCT) scan aided by machine learning (ML) 

algorithms can assist in this process. The purpose of this study 

is to review the scope of simultaneous utilization of OCT and 

ML in the diagnosis of glaucoma. This is a prospective study 

based on assessing the literature review of the subject under 

question. The incorporation of ML into OCT is certainly 

helpful in the predictive elimination of some of the patients 

based on the past database analysis. Nevertheless, it is 

important to remain prudent while comparing measurements 

to the normative database of OCT as the database itself may 

not be able to reflect the true optometric parameters of the 

patients being evaluated. Owing to a considerable risk of 

artifacts, it is always prudent to review an entire OCT scan 

for the purpose of isolating computational errors. Advanced 

ML algorithms are capable of acting upon the pre-defined 

criteria programmed into the system. With this assistance 

from artificial intelligence, OCT scans can safely diagnose 

the majority of people with a kind of disease. 
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I. INTRODUCTION 

Machine learning (ML) refers to the application of computer 

programming which is capable of performing complicated 

assignments that usually demand the presence of human mind 

[1]. The purpose of ML in healthcare is to improve human 

work efficiency by using advanced algorithms which are well 

capable of processing and extracting useful data from various 

medical sources [2]. 

 Optical coherence tomography (OCT) is a non-

contact, high resolution tomographic imaging equipment. 

OCT was first introduced over 20 years ago, and has 

gradually evolved as a non-invasive optical imaging modality 

that allows for in-vivo ocular viewing along with axial cross-

sectional and three-dimensional imaging options. The 

working of OCT is based on the principle of Michelson’s 

interferometry. 

 The basic impact of OCT has been to assist in 

securing the diagnosis and response to treatment of diabetic 

retinopathy (DR) [3], age-related macular degeneration 

(ARMD) and central retinal vein occlusion (CRVO) [4]. OCT 

also ensures an early detection of various forms of 

morphological anomalies including vitreomacular traction, 

adhesion, and retinal edema which cannot be identified 

clinically. In addition, grading of macular hole, 

differentiation of pseudohole, diagnosis of epi-retinal 

membrane and retinoschisis, estimation of retinal nerve fiber 

layer (RNFL) thickness and determination of various optic 

disc parameters are some prominent applications of OCT 

scanning [5] [6]. 

 Glaucoma refers to an irreversible disease of the 

optic nerve that eventually leads to permanent loss of vision. 

An early diagnosis as well as a timely intervention is essential 

to prevent the chronic sequelae of the disease. A plethora of 

studies have attempted to apply the concepts of ML in 

glaucoma diagnosis. By means of artificial intelligence tools, 

the cup-disc (CD) ratio can be assessed from the fundus 

images while the RNFL thickness can also be estimated via 

OCT [7,8]. OCT allows the construction of a structural 

image, based on the morphological incongruities of the 

refractive indices encountered at various interfaces. In 

addition, noninvasive techniques such as photo-acoustic 

microscopy have been broadly integrated with OCT, thereby 

providing comprehensive information regarding ocular 

anatomy, blood circulation, and retinal oxygen metabolism. 

 The recent commercially available iteration of the 

OCT technology i.e., spectral domain OCT (SD-OCT) has 

theoretical advantages in glaucoma assessment over the 

earlier generation of time-domain OCT (TD-OCT). SD-OCT 

has increased axial resolution while providing a faster 

scanning speed that leads to lower susceptibility to eye 

movement artifacts. Currently, the SD-OCT is rapidly 

evolving with much efficient scanning rate, 3D image 

acquisition patterns, reproducible registration, and advanced 

segmentation algorithms [9]. 

 Community-based TD-OCT screening for glaucoma 

in a high-risk population resulted in moderate sensitivity and 

high specificity for definitive glaucoma, suggesting that the 

device does not have an adequate sensitivity to be used alone, 

but may have utility in excluding participants from further 

evaluation. However, SD-OCT has been reported to have 

higher sensitivity than TD-OCT in glaucoma screening and 

may have potential for an earlier detection of glaucoma in a 

high-risk population [10-12]. As of this writing, the use of 

SD-OCT for glaucoma screening in high-risk populations has 

not been reported. 

 Although the application of OCT is helpful in the 

diagnosis of glaucoma, its precision can be further enhanced 

with the aid of structured data analysis. The past data sets of 

patients can help in appreciating the overall trend of their 

clinical symptoms, and it might be very useful to undertake 

the data analysis with the help of ML so as to seek predictive 

treatment and diagnosis. The aim of this review is to provide 

a brief update on the advancements in OCT and discuss as to 

where the scope of ML is needed along with human 

intervention so as to render the diagnosis of ocular disorders 

like glaucoma more accurate. 

A. Association of Machine Learning with OCT 

The new FastTrac™ retinal tracking system reduces eye 

motion-related artifacts without sacrificing patient outturn by 
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using a proprietary scan acquisition strategy, a high-speed 20 

Hz LSO camera, and single-pass alignment scanning (Figure 

1). These features allow the highest resolution B-Scans to be 

captured at optimum locations from visit to visit, thus 

providing a precise assessment of changes in targeted 

pathologies. FastTrac™ application minimizes, but does not 

necessarily eliminate the possibility of saccades (Figure 2). 

For cube scans, the operator should review the OCT fundus 

image in order to ensure that there are minimal saccades or 

no saccades at all throughout the area of interest. A saccade 

can be detected through identification of broken images along 

the track of blood vessels [13-15].    

 
Fig. 1: A typical image of the screen of FastTrac™ Retinal 

Tracking. 

 
Fig. 2: Image of Saccade Artifact. 

 The most common pathological conditions that can 

cause failure of the fovea finding algorithm are those that 

cause the greatest disturbance of the foveal architecture, such 

as ARMD and macular edema as well as epi-retinal 

membranes and other disorders where the vitreoretinal 

interface becomes distorted [16]. Other causes of such a 

phenomenon include: 

1) Presence of floaters obscuring the macular area on 

macular cube scans. 

2) If the fovea is very far from the center, the algorithm may 

also fail to localize it. 

B. Normative Database and its Limitations 

A normative or reference database constitutes a key resource 

for the interpretation of data from imaging modalities. Such a 

database provides a standardized set of values obtained 

mostly from a healthy population with respect to which the 

patient outcome can be assessed with precision. 

 The individuals for whom OCT is used to screen for 

glaucoma could possess severe myopic or hyperopic features. 

There is a wide variation in the anatomical distribution of 

RNFL among healthy subjects. Myopic eye has special 

distribution of RNFL, superotemporal and inferotemporal 

RNFL has tendency to bend temporally in axial myopia [17, 

18]. A person with split-bundle anatomy or a person with a 

much tilted RNFL bundle pattern show lost RNFL without 

indicating a deviation from normal anatomy (figure 3). The 

normative database consisted of a population with a limited 

range of spherical error (-12D to +8D) and axial length (22 to 

28 mm) [19]. Studies have indicated that moderately to highly 

severe refractive errors could result in an altered 

measurement of RNFL thickness. Such an erroneous 

estimation of retinal thickness could lead to a normative 

database that carries a significant number of wrongly 

diagnosed glaucoma cases [20, 21].  

 
Fig. 3: RNFL Deviation and Thickness Maps in OCT. 

 In addition, normative databases utilized by various 

authors raise suspicion as to their lack of accommodation of 

optometric data from a diverse range of age and ethnicity 

groups. In terms of age, sample databases include individuals 

with age varying from 19 to 84 years [22-24]. It has been 

indicated that the statistical results in patients aged 70 years 

or older should be interpreted with caution due to relatively 

smaller number of individuals present within this cohort. 

Only three subjects were included in the normative database 

who were 80 years of age or older, and only 28 subjects were 

included who were between 70 and 79 years of age. 

Moreover, it is noteworthy that this normative database 

seldom comprises of any subject younger than 19 years which 

further weakens its authenticity. 

 With respect to the diversification of normative 

database, following ethnicity data can be taken into 

consideration out of a cumulative sample of 284 individuals: 

43% Caucasians, 24% Asians, 18% African American, 12% 

Hispanic, 1% Indian, and 2% of mixed ethnicity (Figure 4) 

[25]. Only 13 samples (less than 5%) had discs larger than 2.5 

mm2 in the study eye again 10 samples (less than 5%) had 

discs smaller than 1.3 mm2 .In case of the Asian population, 

the ethnicity breakdown of the Cirrus SD-OCT RNFL 

normative database (315 subjects) is as follows: 44% 

Chinese, 44% Japanese, and 12% Indians [26]. However, a 

major Singapore-based study consisting of more than 8,000 

eyes as the sample population, found significant differences 

in RNFL thickness among Chinese, Malay, and Indian-origin 

participants [27, 28].     
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Fig. 4: Normative Database diversification. 

 These immense demographic variations illustrate 

the limitations of the normative database in its application as 

a benchmark for imaging analysis. A poor strength of 

normative database makes the use of ML for comparative 

analysis doubtful for populations of varying age and ethnic 

background. 

 Checking the transparent surfaces, checkbox allows 

viewing inner limiting membrane, retinal nerve fiber layer or 

retinal pigmented epithelium as transparent surfaces. Sliders 

are used to adjust the transparency level. But when we use 

transparent surfaces, the images will carry a lower resolution. 

C. Refractive Errors and OCT 

The limitations of OCT render its application for 

distinguishing between myopic error and glaucomatous 

degeneration quite impractical. Myopia associated with 

longer axial lengths can negatively impact RNFL and 

macular thickness measurements due to the optical projection 

artifacts of the scanning area. It has been demonstrated that 

non-glaucomatous eyes which possess severe refractive 

errors tend to have thinner RNFL and macular parameters that 

are falsely classified as abnormal through OCT [17, 29] 

(Figure 5). Artificial intelligence possesses the 

armamentarium to overcome this difficult scenario which can 

further strengthen the sensitivity and specificity of the OCT 

results. 

 
Fig. 5: OCT Report for a Segmentation Error due to High-

grade Myopia. 

D. Glaucoma Progression Algorithms for ML 

SD-OCT glaucoma progression algorithms record changes 

based on either event-based or trend-based analysis. 

 Event-based Analysis 

The event-based analysis detects progression [9] when a 

follow-up measurement exceeds a pre-established threshold 

for change from baseline. This analysis identifies a chronic 

change over time that eventually crosses a threshold, or an 

acute event that exceeds a threshold rapidly. The limitation of 

this approach is the susceptibility to the negative effect of 

outliers that can be inappropriately labeled as progression 

[30]. 

 Trend-based Analysis 

Trend-based analysis detects progression by evaluating the 

slope of measured parameters over time. Trend-based 

analysis is less sensitive in the measurement of variability, 

and identifies a rate of progression that may be extrapolated 

for time-to-time event predictors. The limitation of this 

approach is the requirement of a large number of tests for the 

analysis to be regarded as fairly reliable. Furthermore, trend 

analysis considers a prior assumption of a linear rate of 

structural loss, which might not be applicable to all the 

sample eyes [31]. 

E. Limitations and Artifacts during OCT Interpretation 

OCT has its limitations as well. It is noteworthy that OCT 

may not be able to reveal optic disc hemorrhages, an 

important indicator of an increased risk for disease 

progression [32]. In a community-based screening, 

glaucomatous visual field loss remained undetected in up to 

50% of the participant population examined by OCT [33]. 

Here, ML can take up the important role of solving complex 

queries which require a vast range of diversified data. 

 OCT artifacts can lead to “red disease” [34, 35]; the 

false diagnosis of glaucoma due to an OCT scan being falsely 

classified as outside normal limits (Figure 6), or “green 

disease” [36]; the false assumption based on a normal OCT 

classification that a patient is normal in the presence of 

glaucoma. Incorrect classification may also occur in the 

absence of artifacts due to limitations of the OCT normative 

database [37, 38]. 

 
Fig. 6: OCT Report showing RNFL loss due to an Artifact. 
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 De-centration is said to occur when the center of the 

ONH is displaced by more than 10% off the center of the 

circular scan. Wide movements of the eyeball, or frequent 

blinking during image acquisition, can lead to saccades and 

bands within the central 80% of the scan area [39]. Another 

artifact that is associated with the posterior vitreous 

detachment (PVD), occurs due to a PVD clearly detectible on 

the OCT scan. Vitreoretinal traction can result in an 

erroneously thickened RNFL, or there may be failure of the 

OCT segmentation software at the vitreoretinal interface [38, 

40, 41]. 

II. SUMMARY 

In summary, OCT is an important tool which provides a 

means of obtaining objective measurements of the optic 

nerve, macula and RNFL thickness which when used 

appropriately, can aid in the process of glaucoma diagnosis. 

It is important to exercise caution when comparing 

measurements to the normative databases as the latter may 

not reflect the true characteristics of the patient being tested. 

Owing to a considerable risk of artifacts, it is always prudent 

to review an entire OCT scan for the purpose of isolating 

alignment and segmentation errors. ML algorithms are 

capable of utilizing the pre-defined criteria programmed into 

the system. With this assistance, OCT scans can pick out the 

majority of people with a kind of disease [42, 43]. 

III. CONCLUSION 

The previous studies on the utilization of OCT and ML have 

been keenly reviewed, and following inferences have been 

drawn: 

1) OCT is an important tool which can utilized efficiently 

for diagnosing glaucoma. 

2) ML along with the normative database of OCT, can be 

used to eliminate the most probable differential 

diagnoses, which can make the entire procedure highly 

cost-effective. 

3) As the characteristics of glaucoma and parameters of the 

ML algorithm differ from person to person, OCT coupled 

with artificial intelligence has the potential to become an 

all-important glaucoma diagnostic tool, especially where 

there is a need to analyze large amounts of diversified 

data. 
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