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Conclusion
In conclusion, AMD (dry and wet) appears to statistically 
decrease the risk of the development of DR. The results of 
our study would be useful for physicians and policymakers 
for future studies on resource allocation and awareness of DR 
in India.

Financial support and sponsorship
The DBT Wellcome Trust India Alliance Clinical Research 
Centre Grant [grant number IA/CRC/19/1/610010].

Conflicts of interest
There are no conflicts of interest.

References
1.  Seddon  JM, Cote  J,  Page WF, Aggen  SH, Neale MC.  The US 

twin study of age‑related macular degeneration: Relative roles 
of genetic and environmental influences. Arch Ophthalmol 
2005;123:321‑7.

2. Lee R, Wong TY, Sabanayagam C. Epidemiology of diabetic 
retinopathy, diabetic macular edema and related vision loss. Eye 
Vis (Lond) 2015;2:17.

3. Cheung N, Mitchell P, Wong TY. Diabetic retinopathy. Lancet 
2010;376:124‑36.

4. Srinivasan S, Swaminathan G, Kulothungan V, Ganesan S, 
Sharma T, Raman R. Age‑related macular degeneration in a South 
Indian population, with and without diabetes. Eye 2017;31:1176‑83.

5. Borrone R, Saravia M, Bar D. Age‑related maculopathy and 
diabetes. Eur J Ophthalmol 2008;18:949‑54.

6. Hahn P, Acquah K, Cousins SW, Lee PP, Sloan FA. Ten‑year 
incidence of age‑related macular degeneration according to 
diabetic retinopathy classification among medicare beneficiaries. 
Retina 2013;33:911‑9.

7. Klein R, Klein BE, Moss SE. Diabetes, hyperglycemia, and age‑related 
maculopathy. The Beaver Dam eye study. Ophthalmology 
1992;99:1527‑34.

8. International Diabetes Federation. IDF Diabetes Atlas. 9th ed. 
Brussels, Belgium: IDF; 2019.

9. Kutty V, Dilip T, Archana A, Gopinathan S, Ramanathan M. 
Shifting pattern of diabetes among the elderly in India: Evidence 
from the national sample survey organization’s data, 2004–2014. 
Int J Ophthalmol 2018;3:67‑74.

10.  Magliah SF, Bardisi W, Al Attah M, Khorsheed MM. The prevalence 
and risk factors of diabetic retinopathy in selected primary care 
centers during the 3‑year screening intervals. J Family Med Prim 
Care 2018;7:975‑81.

11.  Liu Y, Yang J, Tao L, Lv H, Jiang X, Zhang M, et al. Risk factors of 
diabetic retinopathy and sight‑threatening diabetic retinopathy: 
A cross‑sectional study of 13 473 patients with type 2 diabetes 
mellitus in mainland China. BMJ Open 2017;7:e016280.

12. Srivastava B, Ramya B, Prathiba V, Mohan V. Systemic factors 
affecting diabetic retinopathy. J Diabetes 2018;9:73‑7.

13. Thomas R, Halim S, Gurudas S, Sivaprasad S, Owens D. IDF 
diabetes atlas: A review of studies utilising retinal photography 
on the global prevalence of diabetes related retinopathy between 
2015 and 2018. Diabetes Res Clin Pract 2019;157:107840.

14. Chen X, Rong SS, Xu Q, Tang FY, Liu Y, Gu H, et al. Diabetes mellitus 
and risk of age‑related macular degeneration: A systematic review 
and meta‑analysis. PloS One 2014;9:e108196.

15. Raman R, Pal SS, Ganesan S, Gella L, Vaitheeswaran K, Sharma T. 
The prevalence and risk factors for age‑related macular 
degeneration in rural‑urban India, Sankara Nethralaya rural‑urban 
age‑related macular degeneration study, report No. 1. Eye (Lond) 
2016;30:688‑97.

16.  Lima‑Gómez V, Rojas‑Dosal JA, León‑Rivera N. Tesselated fundus 
as a protective factor in the development of diabetic retinopathy. 
Gac Med Mex 2001;137:413‑8.

17. Tan NY, Tham Y‑C, Ding Y, Yasuda M, Sabanayagam C, Saw S‑M, 
et al. Associations of peripapillary atrophy and fundus tessellation 
with diabetic retinopathy. Ophthalmol Retina 2018;2:574‑81.

18. Rewbury R, Want A, Varughese R, Chong V. Subfoveal choroidal 
thickness in patients with diabetic retinopathy and diabetic 
macular oedema. Eye 2016;30:1568‑72.

19.  Wang W, Liu S, Qiu Z, He M, Wang L, Li Y, et al. Choroidal thickness 
in diabetes and diabetic retinopathy: A swept source OCT study. 
Investig Ophthalmol Vis Sci 2020;61:29.

C o m m e n t a r y :  B i g  d a t a  i n 
Ophthalmology: A big game changer 
on horizon

The  current  issue of  the  Indian  Journal  of Ophthalmology 
analyzes the relationship between age‑related macular 
degeneration (AMD) and diabetic retinopathy (DR) using big 
data.[1] AMD is one of the leading causes of blindness in the 
elderly, while DR is the leading cause of severe vision loss in 
adults of working age.[2] To prove a causal relationship between 
two common conditions, a large sample size data is required. 
Data, which in the current age is available in abundance, is now 
being claimed to be the new oil fueling the fourth industrial 
revolution.[3]

Medical research has been driven by a common phrase 
“Minimum Sample Size.” The aim of collecting the minimal 
sample size is to acquire a sufficiently large amount of data to 
detect a minimal meaningful detectable difference (effect size), 
and its calculation has been hypothesized by multiple authors 
depending upon the methodology employed.[4] For detecting a 
small effect size, which translates to rare incidences and subtle 
associations among various pathologies, a large number of 
participants are required. Such large data has previously been 
unimaginable to obtain and process.

Big data is an evolving concept, first introduced in the 1990s. 
It has been defined by  the Oxford dictionary as “extremely 
large data sets that may be analyzed computationally to reveal 
patterns, trends, and associations, especially relating to human 
behavior and  interactions.”  Important attributes of big data 
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include a large volume of data, velocity (speed of data flow in 
real‑time), variety (diversity), veracity (quality or accuracy), 
and value (usefulness of the data).[3]

Big data can be obtained from electronic health records (EHR) 
or electronic medical records (EMR). The current article[1] 
employs one such EHR. Big data is like crude oil, which is of 
value, but is of no utility unless refined. A simple example can 
be found in this article. Records of a total of 43,153 diabetics 
were analyzed to filter out 2048 participants who were age and 
diabetes mellitus duration matched for finding the association. 
With the induction of big data, the future of medical research 
is now ready to move beyond the minimum sample size.

Artificial intelligence (AI) can be employed to automatically 
analyze big data  to find out ocular  conditions,  side  effects, 
and novel biomarkers, which would otherwise have been 
disregarded as rare incidences or anomalies. A novel 
association between glaucoma progression and pulmonary 
function is one of the most exciting and unexpected 
outcomes from a machine learning algorithm employed 
in the United Kingdom.[5] Automation of diagnosis by 
analyzing the images such as fundus photographs, optical 
coherence tomography (OCT) images, or OCT‑angiogram 
outputs is also being attempted by various groups by using 
AI, machine learning, and deep learning.[3] The Food and 
Drug Administration, USA has approved IDx‑DR (Digital 
Diagnostics, Coralville, IA, USA) and EyeArt (Eyenuk, 
Woodland Hills, CA, USA), which are based on AI to “detect 
more than mild diabetic retinopathy (mtmDR) in adults 
diagnosed with diabetes who have not been previously 
diagnosed with diabetic retinopathy.” The analyzed big data, 
in Ophthalmology, has applications also beyond medical 
research. It can improve patient care, planning of policy, and 
hospital administration as well.

The  limitations of big data  include difficult  analysis,  the 
need to formulate suitable algorithms, and a high risk of 
false‑positive findings. Challenges  regarding  the security of 
data include data privacy, the potential for cyber theft, misuse, 
and the need for legislation. Barriers to using big data include 
the cost of infrastructure, dependence on network connectivity, 
and skilled manpower to analyze the data. EHR and EMR are 
well known to contain incomplete records, misclassifications, 
nonstandard nomenclatures, and different classifications/
grading of the same clinical finding/condition.[6] Maintaining 
the quality of big data is one of the most important challenges.

Also, the employment of a large amount of data can be 
ironic. While rare incidences can be picked up, minor deviations 
can also be calculated as statistically significant while analyzing 
thousands and lakhs of data points. To avoid such a situation, 
the biological plausibility and its clinical implication of the 
outcomes of any trial using big data should be humanly 
inferred. The accompanying article, for example, showed 
patients with AMD to have lower odds of developing DR. The 
ischemia in viable retina required for the pathogenesis of DR 
can be counteracted by the atrophy and subsequent reduced 
oxygen demand in patients with AMD, giving a biological 
plausibility for the results.

We look forward to the next decade for trials employing 
big data and AI to provide us with newer insights and better 
diagnostic algorithms.
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