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Big Data and Chronic Pain: A New Era for Neuromodulation?
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Dear editor,
The concept of big data, defined as information assem-

blages characterized by complexity and massive size, is not
new. Approximately 7,000 years ago in Mesopotamia, big
data and accounting were used to record the growth of
crops and herds. Many years later, during the Cold War,
more than 12,000 cryptologists working in the National Se-
curity Agency (in the United States) were confronted with
an information overload as they started collecting and pro-
cessing intelligence signals automatically (1).

However, one of the most outstanding areas is health-
care, where big data analytics is making immense changes.
Undoubtedly, for years gathering huge amounts of medi-
cal data has been an expensive, time-consuming process.
But today’s always-improving technologies can help us col-
lect such data and convert them into clinically relevant
insights that, in turn, are used to provide better care (2).
Some examples are as follows:

Smart staffing and training: Analyze admission
records, recognize patterns in admission rates, predict
future admission trends, plan resource (staff) allocation,
adequately train the staff (soft skills as well).

Electronic health records: A digital patient record can
achieve savings from reduced hospital/office visits and
tests, for example, by preventing unnecessary emergency
room (ER) visits.

Real-time alerting: Collecting information from pa-
tients’ wearables, a system can immediately inform physi-
cians about needed action (patients with blood pressure or
dyspnea problems).

Patient engagement: Identification of potential health
risks lurking.

Prevention of opioid abuse: Prediction of whether
someone is at risk for opioid abuse.

Prevention of suicides: Based on questionnaires, pre-

dictive algorithms can identify individuals at risk.

Cancer therapy: The use of data on treatment plans and
recovery rates to find trends and treatments that have the
highest rates of success.

Prevention of security threats: Prevention of patient
data breach by identifying changes in network traffic.

Telemedicine: Delivery of remote clinical services, pre-
diction of acute medical events in advance, reduction of
hospitalization costs, improvement of availability of care.

Medical imaging: Algorithms can analyze hundreds of
thousands of images, identify specific patterns, and help
physicians to diagnose.

In the healthcare literature, three main categories of
studies associated with big data are identified, includ-
ing omics (genomics, metabolomics, and proteomics),
medical specialties (neurology, imaging, and immunol-
ogy), and public health (bioinformatics, electronic health
records, and epidemiology) (3). Five big challenges (often
described as the ”5Vs”) are reported in the published arti-
cles (4, 5):

Volume: Size (terabytes, petabytes, and exabytes).

Variety: Various sources (text, numbers, images, sig-
nals, sound, etc.) and unstructured data not suitable for
analysis using conventional database techniques.

Velocity: High frequency of data generation, delivery,
and process.

Veracity: Validation of the data is difficult.

Valorization: Assigning a value to the data is difficult.

Additional challenges that scientists face (3):

Statistical and computational methods: Changes in
methods for data collection and analysis are needed; visu-
alization methods are also required.

Extracting meaningful information: Eliminating the
“noise”, minimizing erroneous data, and meaningfully in-
terpreting them.
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Information access: Facilitating data sharing and col-
laborating with scientists.

Lack of experience: Very few scientists who can com-
bine analytic and clinical knowledge.

Data reuse: Collected data can help us (later) answer
questions that have not been arisen yet.

Drawing false conclusions: Big size is not enough; we
should also know the context in which data were collected.

Privacy issues: Even if data are pseudonymized or
anonymized, they retain a small reidentification risk.

Patients suffering from chronic pain constitute a big
part of the healthcare system. Chronic pain is indeed seri-
ous health and socioeconomic issue affecting not only in-
dividuals but the whole society as well. Although a com-
mon definition of pain is not always present, many stud-
ies have reported a prevalence of 25 - 35%, in some coun-
tries (France, Italy) even exceeding 40% (6). The situation
is even worse for cancer patients who experience chronic
pain with a prevalence of 50 - 80% (7).

Pain is a complicated disease because various factors
are associated with its development (physical, psycholog-
ical, and social) (8). In this sense, chronic pain should not
be seen merely as a symptom but rather as a self-existing
entity (9). It is also true that chronic pain is often under-
treated. The problem lies in the fact that patient-centered
integrated care with multi-professional teams is lacking
(10). On the other hand, the measurement of pain per
se is highly problematic because of the subjective nature
of pain. Till now, researchers could work only with self-
reported measurement scales. Many factors included but
not limited to the COVID-19 pandemic and the opioid cri-
sis in the United States, have highlighted the inadequacy of
such systems and underlined the need for a new approach
that could objectively quantify pain (11).

One idea could be to use smartwatches to analyze
the movement and rest cycles of patients suffering from
chronic pain. In addition, one could collect data on sleep
patterns or medication usage. Based on these big data, sci-
entists could use, as a second step, artificial intelligence
(AI) algorithms to accurately measure pain, eliminating
(hopefully) to accurately measure pain eliminating any po-
tential bias. This could also help pain physicians assess the
efficacy of various pain treatments (pulsed radiofrequency,
spinal cord stimulation, and intrathecal drug administra-
tion) or of different aspects of the same pain treatment
(various stimulation waveforms in the context of spinal
cord stimulation therapy, which patients will respond bet-
ter to tonic stimulation and which to burst high frequency
or combination therapy?).

Over the next years, data-centric approaches will try to

discover patterns and make clinical predictions (12). An ex-
ample could be the prediction of low back pain (13). Nev-
ertheless, to turn such predictions into reality, the biggest
obstacle standing in the way is how medical data is spread
across many sources governed by different countries, hos-
pitals, and administrative authorities. The desired inte-
gration of these data sources requires developing a new
infrastructure where all data providers collaborate with
each other (2). Moreover, this is of utmost importance in
chronic pain management. Exciting times lie ahead. Let´s
get prepared!

Footnotes

Authors’ Contribution: GM has prepared the article.

Conflict of Interests: There was no conflict of interest.

References

1. Van Rijmenam M. A short history of big data. Datafloq; 2021. Available
from: https://datafloq.com/read/big-data-history/239/.

2. Durcevic S. 18 examples of big data analytics in healthcare that can
save people. The datapine Blog; 2021. Available from: https://www.
datapine.com/blog/big-data-examples-in-healthcare.

3. Baro E, Degoul S, Beuscart R, Chazard E. Toward a literature-driven
definition of big data in healthcare. Biomed Res Int. 2015;2015.
doi: 10.1155/2015/639021. [PubMed: 26137488]. [PubMed Central:
PMC4468280].

4. Hai SI, George DB, Mayes CL, Brownstein JS. Big data opportunities
for global infectious disease surveillance. PLoS Med. 2013;10(4). doi:
10.1371/journal.pmed.1001413. [PubMed: 23565065]. [PubMed Central:
PMC3614504].

5. Dereli T, Coskun Y, Kolker E, Guner O, Agirbasli M, Ozdemir V. Big data
and ethics review for health systems research in LMICs: understand-
ing risk, uncertainty and ignorance and catching the black swans?
Am J Bioeth. 2014;14(2):48–50. doi: 10.1080/15265161.2013.868955.
[PubMed: 24521341].

6. Breivik H, Eisenberg E, O’Brien T, On behalf of O. The individual and
societal burden of chronic pain in Europe: the case for strategic pri-
oritisation and action to improve knowledge and availability of ap-
propriate care. BMC Public Health. 2013;13:1229. doi: 10.1186/1471-2458-
13-1229. [PubMed: 24365383]. [PubMed Central: PMC3878786].

7. van den Beuken-van Everdingen MH, de Rijke JM, Kessels AG, Schouten
HC, van Kleef M, Patijn J. High prevalence of pain in patients
with cancer in a large population-based study in The Netherlands.
Pain. 2007;132(3):312–20. doi: 10.1016/j.pain.2007.08.022. [PubMed:
17916403].

8. Mills SEE, Nicolson KP, Smith BH. Chronic pain: a review of its epi-
demiology and associated factors in population-based studies. Br J
Anaesth. 2019;123(2):e273–83. doi: 10.1016/j.bja.2019.03.023. [PubMed:
31079836]. [PubMed Central: PMC6676152].

9. Varrassi G. Severe chronic pain–the reality of treatment
in Europe. Curr Med Res Opin. 2011;27(10):2063–4. doi:
10.1185/03007995.2011.619426. [PubMed: 21929442].

10. Dorner TE. Pain and chronic pain epidemiology : Implications for
clinical and public health fields. Wien KlinWochenschr. 2018;130(1-2):1–
3. doi: 10.1007/s00508-017-1301-0. [PubMed: 29270720].

2 Interv Pain Med Neuromod. 2021; 1(1):e114140.

https://datafloq.com/read/big-data-history/239/
https://www.datapine.com/blog/big-data-examples-in-healthcare
https://www.datapine.com/blog/big-data-examples-in-healthcare
http://dx.doi.org/10.1155/2015/639021
http://www.ncbi.nlm.nih.gov/pubmed/26137488
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC4468280
http://dx.doi.org/10.1371/journal.pmed.1001413
http://www.ncbi.nlm.nih.gov/pubmed/23565065
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC3614504
http://dx.doi.org/10.1080/15265161.2013.868955
http://www.ncbi.nlm.nih.gov/pubmed/24521341
http://dx.doi.org/10.1186/1471-2458-13-1229
http://dx.doi.org/10.1186/1471-2458-13-1229
http://www.ncbi.nlm.nih.gov/pubmed/24365383
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC3878786
http://dx.doi.org/10.1016/j.pain.2007.08.022
http://www.ncbi.nlm.nih.gov/pubmed/17916403
http://dx.doi.org/10.1016/j.bja.2019.03.023
http://www.ncbi.nlm.nih.gov/pubmed/31079836
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC6676152
http://dx.doi.org/10.1185/03007995.2011.619426
http://www.ncbi.nlm.nih.gov/pubmed/21929442
http://dx.doi.org/10.1007/s00508-017-1301-0
http://www.ncbi.nlm.nih.gov/pubmed/29270720


Matis G

11. Rogers J. Moving beyond the self-reported scale: Objectively measuring
chronic painwith AI. IBM; 2021. Available from: https://www.ibm.com/
blogs/research/2021/01/nans-measuring-chronic-pain.

12. Shah NH. Translational bioinformatics embraces big data. Yearb
Med Inform. 2012;7:130–4. [PubMed: 22890354]. [PubMed Central:
PMC4370941].

13. Parsaeian M, Mohammad K, Mahmoudi M, Zeraati H. Compari-
son of logistic regression and artificial neural network in low
back pain prediction: second national health survey. Iran J Pub-
lic Health. 2012;41(6):86–92. [PubMed: 23113198]. [PubMed Central:
PMC3469002].

Interv Pain Med Neuromod. 2021; 1(1):e114140. 3

https://www.ibm.com/blogs/research/2021/01/nans-measuring-chronic-pain
https://www.ibm.com/blogs/research/2021/01/nans-measuring-chronic-pain
http://www.ncbi.nlm.nih.gov/pubmed/22890354
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC4370941
http://www.ncbi.nlm.nih.gov/pubmed/23113198
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC3469002

	Footnotes
	Authors' Contribution: 
	Conflict of Interests: 

	References

