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Abstract. There is a consensus among scientists that the analysis of Big Data in 
health care (such as electronic health records, patient reported outcomes or in-
motion data) can improve clinical research and the quality of care provided to 
patients. Yet there is little knowledge about the actual effectiveness of Big Data 
in the health care sector. The aim of this study was to perform a systematic re-
view of the literature in order to determine the extent to which Big Data appli-
cations in health care systems have managed to improve patient experiences and 
clinicians' behavior as well as the quality of care provided to patients. All 
searches for relevant articles were performed in the PubMed database. From the 
108 potentially relevant articles 12 satisfied the inclusion criteria for this study. 
The findings showed that in the case of nine articles the researchers reported 
positive effect of Big Data. However, some negative results were recorded in 
the case of three articles. The main benefits of Big Data application involved 
positive behavior change, improved usability and efficient decision support. 
However, problems were identified for technology acceptance. Most problems 
occurred in the case of systems processing heterogeneous datasets, patient re-
ported outcomes and in motion data, as opposed to electronic health record sys-
tems. The paper concludes by highlighting some areas of investigation where 
further research is needed to understand the use of Big Data in health care and 
improve its effectiveness.  
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1 Introduction 

The collection and analysis of big volumes of heterogeneous data sets is an important 
predicate of modern science and one of the key drivers of innovation and economic 
growth in developed countries. From a practical point of view, the harvesting and 
analysis of social and scientific data can generate new knowledge and intelligence 
needed to inform better decision making, improve the understanding of social and 
natural phenomena, explore new hypothesis, identify hidden patterns, and finally 
increase the relevance and timeliness of public policy making. Despite the fact that 
data has been used for a long time in the sciences  to understand natural phenomena 
(especially through simulations and computational algorithms), the modern term Big 
Data refers to data whose scale, diversity, and complexity require new architectures, 
techniques, algorithms, and analytics to manage it and extract value and hidden mean-
ing from it [9]. In particular, Big Data is a combination of four very important charac-
teristics: volume, velocity, variety, and veracity [1]. Volume refers to the amount of 
data. Velocity refers to data in motion and more specifically to the speed at which 
data is created, processed and analyzed. Variety is about managing the complexity 
and heterogeneity of multiple data sets, including structured, semi-structured and 
unstructured data. Finally, veracity refers to data uncertainty and to the level of relia-
bility/quality associated with certain types of data [1].   

Over the last decade a Big Data revolution is under way in the health care sector. 
In this context, scientists have been focused on the improvement of public health 
policies, clinical research and the care provided to patients through the analysis of 
health-related big datasets [10]. Traditionally, this type of data included electronic 
health records (EHRs), genomics and imaging data. However, the advent of modern 
ubiquitous and social networking technologies have given rise to new forms of patient 
generated data, such as electronic patient reported outcomes (ePROs); physiological 
and psychometric data (especially real-time data collected directly through sensor 
devices); and data generated online (for example, patients' comments and posts in 
online social networking tools). There are several examples of technological interven-
tions developed for public health benefit in this respect. For example, EHRs have 
been processed to improve the application and analysis of clinical guidelines and 
online integrated care pathways in health care [11, 12].  ePROs have been used ex-
tensively as a means of enhancing already existing electronic patient health record 
systems and improve the design of clinical decision support tools in primary and sec-
ondary care [13]. Also, mobile technologies and sensor devices have facilitated the 
development of novel online interventions for health monitoring that record and ana-
lyze big volumes of physiological and psychometric data collected directly from pa-
tients [14, 15]. Moreover, the extraction and analysis of patients' posts in online health 
forums and social networking tools has given rise to novel infodemiology tools used 
to track and monitor disease outbreaks and patients' concerns [16].   

Nevertheless, despite the fact that several technologies in healthcare have been fo-
cused on the analysis of Big Data, we know little about the effectiveness of these new  
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technologies in the daily clinical work. Previous work has shown positive evidence 
about the effectiveness of Big Data in clinical research, especially in the case of data-
driven hypothesis generation [30]; collaborative biomedical research [31]; and the 
identification of relationships between heterogeneous data-sets of genomic data, envi-
ronmental variables and patient health records [32]. However, evidence about the 
effectiveness of Big Data becomes more blurred as we shift from clinical research to 
daily clinical work. In the later case, patients, doctors and public health policy makers 
are the immediate beneficiaries of data-driven systems and tools (as opposed to clini-
cal research where the application of Big Data technologies targets primarily academ-
ics and researchers. Reviewing the literature on Big Data applications in daily routine 
health care systems (such as clinical decision support, diagnostic tools and other types 
of health information systems) is therefore critical to understand whether these tech-
nologies have managed to improve patient experiences and clinicians' behavior as 
well as the quality of care provided to patients.  

The aim of this paper was to review the literature on Big Data and identify empiri-
cal studies focused on how Big Data actually help to improve or hinder the effective-
ness of tools and systems used for the promotion of health in primary and secondary 
care. The review of the existing evidence on the effectiveness of Big Data in this con-
text will inform the design of more user-centered tools and highlight some of the main 
challenges and problems related to the application of Big Data.  

The rest of the paper is structured as follows: In Section 2 we review the literature 
on the effectiveness of Big Data implementation in health care. The next two sections 
include the methodology and the results of this study respectively. Finally, Section 5 
presents some discussion and conclusions.  

2 Background 

Only a few similar reviews have been published in the health care domain. In [7], 
authors present a review that includes 11 studies from the US that illustrate the range 
of what has been done in diverse health care settings for clinical care, quality im-
provement and research. This review was focused on PRO data collection systems 
that were linked to an EHR system. The results of this review highlighted several 
barriers associated to the uptake and use of PROs, as well as factors impending their 
integration with electronic health records. Despite the fact that the authors provided a 
comprehensive view of the different types of PROs in use across the US health care 
sector, they did not report findings about the effectiveness of systems collecting and 
analyzing data about patient outcomes. In [27] the authors systematically reviewed 
the literature around the effectiveness of the EHRs in primary care. Despite the fact 
that the authors did not focus specifically on EHRs with a Big Data, or, a data analyt-
ics component, the results showed some mixed evidence. In particular, the application 
of EHRs had structural and process-related benefits for primary care, but showed no 
positive effect on clinical outcome.  
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A more business-oriented and operational review of Big Data implementation in 
healthcare was conducted by [28]. The authors examined whether the use of Big Data 
could effectively reduce healthcare concerns of governments and healthcare providers 
regarding the quality of care provided to patients, the integration of heterogeneous 
data-sets and the analysis of real-time data. The study highlighted the need for in-
sightful analysis of current Big Data applications, led by champions in this area, as a 
means of providing guidelines and facilitate informed decision making for govern-
ments and stakeholders who are interested in using this type of applications but lack 
the means necessary to evaluate/analyze them. 

Finally, in [8] the authors performed a literature review on the application of Big 
Data in medicine. The paper, which was focused on providing a general overview of 
the field of Big Data in medicine, showed several factors that can influence the stor-
age and analysis of clinical data in health care and identified some of the mainstream 
technologies and methods used for Big Data management and processing. 

3 Methodology 

Our study aimed to review the literature on Big Data for health care promotion and 
identify empirical papers that report on the effectiveness of Big Data applications in 
this context. We conducted the literature review using the following strategy: <effec-
tiveness-related keywords> AND <big data-related keywords> AND [“healthcare” 
OR “clinical decision support” OR “clinical trial registry” or “registries” OR analytics 
OR “clinical work” OR “primary care” OR “secondary care” OR Physicians OR 
“General Practitioners” OR Patients].  

Effectiveness-related keywords and Big Data related keywords were combinations 
of the following: [effectiveness OR usability OR “behavior change” OR satisfaction 
OR validation OR evaluation OR “decision making” OR “policy making”] AND 
[“big data” OR “electronic health records” OR “patient health records” OR “patient 
reported outcomes” OR Genomics OR Imaging]. Queries were submitted to the Pub-
Med database, which comprises more than 23 million citations for biomedical litera-
ture from MEDLINE, life science journals, and online books. Research was conduct-
ed between January and April 2014. Only articles written in English were included.   

3.1 Inclusion and Exclusion Criteria 

We included only studies focused on the evaluation of the effectiveness of Big Data 
in the context of clinical work (primary and secondary care). This decision was made 
because there is a lack of clear evidence on the effectiveness of Big Data in this con-
text (as opposed to the context of clinical research where positive evidence exists).   

Selected studies should document the use of technologies where Big Data was the 
key component of the effectiveness evaluation process. In this manner, traditional 
knowledge-based systems and tools that rely on relatively simple rules for the  
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processing of data were not included in this review. For such as system or tool to 
qualify for inclusion in this study should have employed analytics and data mining 
techniques for automatically mining and analyzing distributed and heterogeneous 
collections of Big Data. There was no restriction as to the type of Big Data qualified 
for inclusion in this study. However, an emphasis was placed on the following types 
of data:  

• Electronic Health Records: These large-scale datasets contain data regarding the 
results of clinical and administrative encounters between a provider (physician, 
nurse and others) and a patient that occur during episodes of patient care as well as 
demographic details of each individual patient, history records etc. 

• Patient Reported Outcomes: PROs are defined as any report coming directly from 
patients about their health condition and treatment and include a range of outcomes 
such as symptoms, functional status, and health-related quality-of-life [29].  

• Genomics and Imaging data: These types of data sets are more common in the case 
of clinical research. For example, Big Data analytics techniques have been used to 
identify associations between genomic data and environmental variables or patient 
health records [32]. In the same manner data mining and analytics methods have 
been used to improve the design of diagnostic tools in the case of imaging data and 
the data-driven generation of relationships and patterns [17]. The review explored 
whether instances of these data were used in the case of tools used by professionals 
in the context of primary and secondary care. 

• Data collected from wearable sensors: The majority of wearable devices enable the 
collection of biochemical, physiological and motion sensing data [18]. The analysis 
of this type of data, when integrated with electronic health records, can support 
health monitoring and diagnosis for different chronic conditions (e.g. [19]). 

• Data mining from social networking tools: Patients' posts in online social network-
ing tools can be mined to extract knowledge about disease trends, patients' satisfac-
tion and concerns. Twitter is a typical example where data analytics methods have 
been used for disease monitoring and health related trends (e.g. [16]). 

Studies may have described a new technology or model to be used in the health re-
lated domain and reported an evaluation of the effectiveness of an actual intervention 
using the technology. In the context of this study we defined effectiveness as: a) sys-
tem usability; b) system effectiveness c) user satisfaction; d) technology acceptance e) 
behavior change; and finally e) effectiveness in health policy making and decision 
making. 

We excluded the following kinds of studies: a) research surveys that referred to 
cost or benefit effectiveness of Big Data technologies in the health care domain, b) 
studies reporting on the effectiveness of Big Data in the context of academic or clini-
cal research, as opposed to studies focused on everyday clinical work; c) opinion, 
position, or concept papers on the use of Big data in health care, as well as review 
papers and papers reporting on planned, but not actually implemented, effectiveness 
evaluation studies; and finally d) papers describing the analysis of data-sets using 
traditional knowledge-based systems that rely on simple rule-based methods, as op-
posed to the use of data analytics methods. This latter criterion was also the reason 
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why many studies were excluded from this review. This decision was made in order 
to keep the focus of the study on Big Data, thus differentiating it from previous work 
in the area of knowledge-based health information systems. 

3.2 Data Extraction 

Following a review of title and abstracts, the search identified around 108 potentially 
relevant articles. Of these, 12 satisfied the inclusion criteria after a full-text review. 
As it is shown in Table 1, for each paper included in the study a record was kept with 
the following information:  

• The specific type of health technology used (e.g. clinical decision support, diagnos-
tic tool); 

• The type of Big Data that was analyzed (e.g. Electronic Health Records (EHRs), 
Electronic Patient-reported Outcomes (ePROs), genomic data; data from clinical 
trials, or drug testing); 

• The aim of the effectiveness evaluation (e.g. Usability evaluation; Technology 
acceptance; System effectiveness; Behavior change (behavior change can be either 
objective or subjective – objective change is normally measured through the use of 
quantitative measures, while subjective change is based on qualitative data report-
ing users' experiences); Satisfaction; Engagement; Effectiveness of public health 
policy and decision making);   

• The methodology followed, by presenting the method, sample and measures used 
(e.g. Randomized Control Trial / 60 adult patients / Blood pressure);  

• The findings of the effectiveness evaluation: the findings refer to the main findings 
of the effectiveness evaluation. 

4 Results 

The results showed the presence of four main types of health information systems that 
supported processing of Big Data. These were: Pharmacosurveillance systems [2]; 
Clinical Decision Support [3, 4, 6, 22, 23]; Diagnostic tools [5, 20, 25]; and Health 
monitoring systems [21, 24, 26].  

In terms of the type of Big Data processed by the aforementioned systems, the 
findings showed that EHRs were the most commonly used datasets. In particular, 
EHRs were processed in the case of eight out of the twelve studies. Despite the fact 
that EHRs were implemented across all different types of health information systems, 
the four studies that did not include the use of EHRs were diagnostic tools [5, 20] and 
Health monitoring systems [21, 24]. PROs were used in the case of two studies, both 
implementing a clinical decision support tool [4, 6]. Finally, in motion physiological 
data (collected through the use of wearable sensors) and psychometric data were used 
in the case of three health monitoring tools [24, 26], while electroencephalography 
data was analyzed in the case of two diagnostic tools [5, 20]. 
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Table 1. Effectiveness of Big Data in health care 

 
Reference 
 
 

 

 
Health 
topic 
System 

 

Source of Big 
Data 
 

 

Aim of Effec-
tiveness Evalu-
ation 

 

Methodology/ Sam-
ple/ measures 

 
 

Findings of the effec-
tiveness Evaluation 

 
 

Holbrook et 
al. [2] 

Pharmaco- 
Surveillance 

 

Large Administra-
tive Data (LAD) /
Electronic Health 
Records (EHRs) / 
Electronic Patient 
Registries (EPRs) 
 

System Effec-
tiveness 
 

Expert Evaluation / 
Data from three 
different sources 
(LAD, EHRs, EPRs) 
were analyzed by 
experts against a set 
of criteria / data type 
availability, data type 
importance, data 
quality and privacy. 

There is a lack of integra-
tion between different 
databases / Bias and 
incomplete privacy 
legislation can reduce the 
effectiveness of linked 
datasets for analysis and 
decision making. 

Hrovat et al. 
[3] 
 
 

 
 
 
 
 
 
 

Clinical 
Decision 
Support 

 

Electronic Health 
Records (EHRs) 

 

Effectiveness of 
decision Mak-
ing / System 
effectiveness  
 

Reduction in hemo-
globin levels for the 
intervention Group 
(clinical change) – 
Change in medication 
prescription by 
physicians (behavior 
change) - Positive 
levels of satisfaction 
for both patients and
physicians. 

The application of Big 
Data and Visual Analytics 
on the analysis of EHRs 
facilitated the discovery 
of trends that would be 
Impossible to identify 
using traditional tech-
niques, thus improving 
the effectiveness of 
decision making.  

Valuck et al. 
[4] 
 
 
 
 
 
 
 
 

Clinical 
Decision 
Support 
(Depres-
sion) 

 

Electronic Health 
Records (EHRs) /
Patient Health 
Questionnaires  
(PHQ-9) 

 

Public health 
policy/ Decision 
making effec-
tiveness 
 

Feasibility study 
(aims at showing the 
potential for integrat-
ing electronic patient 
health records with 
the PHQ-9 question-
naire) / 61.464 patient 
health records + data 
from 4900 PHQ-9 
questionnaires.  

The findings showed that 
the integration of EHRs 
with data from the PHQ-9 
Questionnaire could 
improve the management 
of depression and the 
effectiveness of the public 
health policy making 
process. 

Shen et al. [5] 
 
 
 

 

Diagnostic 
tool (de-
pression) 

 

Electro-
Encephalography
(EEG) data 

 

System effec-
tiveness 
 

Experiment / 2 sets of 
EEG data (1st set from 
13 patients, 2nd set 
from 5 patients) / 
Classification accura-
cy, prediction time. 

The application of big 
data analysis on both sets 
of EEG data improved the 
diagnostic accuracy of the 
tool and prediction times. 

Holzner et al. 
[6] 
 
 
 
 
 
 
 
 
 
 
 
 
 

Clinical 
Decision 
Support 

 

Patient Reported 
Outcomes (PROs) 
/Electronic Health 
Records (EHRs)  

Technology 
Acceptance/  
User Engage-
ment 
 

Case study / Two 
hospitals (inpatient 
and Outpatient unit) / 
quantitative data – 
usage Statistics. 

Although the tool was 
used effectively to collect 
and analyze PROs for 
clinical studies, in the 
case of both hospital case 
studies the findings 
showed that the tool could 
not be 
integrated into daily 
clinical routine, thus the 
data collection and 
analysis process of PROs 
could not be used by 
clinicians for individual 
patient treatment. 

Jayapandian 
et  al. [20] 
 
 
 

 
 

Diagnostic 
tool  
(epilepsy) 
 

Electro- 
encephalography 
(EEG) data 

 

System Effec-
tiveness / 
Usability 
(response time) 
 

Experiment / five 
patient EEG record-
ings / Time (to pro-
cess data); Time (to 
execute  
Data) 
 

The proposed method 
(based on Hadoop) 
performed significantly 
faster than the baseline 
system (both in terms of 
data processing and 
execution time).  



148 P. Gaitanou, E. Garoufallou, and P. Balatsoukas 

 

Table 1. (continued) 

Graf et al. 
[23] 
 

 
 
 
 
 
 
 
 
 
 

Clinical 
Decision 
Support 
(Coronary 
Artery 
Disease) 

 

Electronic Health 
Records (EHRs) 

 

Behavior 
change  
 

Observational study / 
Data from 200 prac-
tices (providing care 
to a total of 17,000 
patients) / Objectively 
measured physiologi-
cal measures (e.g. 
Body Mass Index; 
Blood pressure) and 
administrative clinical 
data (e.g. % of 
vaccination; visits to 
the doctors).  

The health of patients 
with CAD improved 
across Several measures 
including “Body Mass 
Index”; “Blood Pressure”; 
“Vaccination”;”LDL”; 
“adherence to therapy”. 

Tseng et al. 
[21] 
 
 
 
 
 
 
 
 

Health 
Monitoring 
System 

 

Physiological data 
 

 

Technology 
Acceptance 
 

Survey / elderly 
residents in a nursing 
home / Acceptability 
was measured in 
terms of: performance 
expectation - endeav-
or expectation - social 
influence - user 
Intention - Facilitating 
condition  

Positive effect of perfor-
mance expectation, 
endeavor expectation, 
social influence, and 
facilitating condition on 
user intention to use the 
system. However, there 
was no effect of user 
intention on actual behav-
ior. 

Shams et al. 
[22] 
 
 
 
 
 
 
 

Clinical 
Decision 
Support 
(re-
admissions 
predictor) 

 

Administrative 
data / Electronic 
Health Records 
(EHRs) 

 

System effec-
tiveness 
 

Retrospective cohort 
study / Dataset (7200 
records that corre-
spond to 2985 pa-
tients) 
 

The proposed solution 
could identify more 
accurately avoidable or 
unnecessary readmissions 
than baseline approaches 
(that do not analyze 
administrative data, along 
with patient health 
records).  

Suh et al. [24] 
 
 
 
 
 

 

Health 
Monitoring 
System 
(diabetes) 
 

Physiological /
Psychometric data 
 

Usability (ease 
of use) 
 

RCT / Adults with 
Type 2 Diabetes / 
Confidence, Efficien-
cy 
 

Compared with a baseline 
system, the proposed 
method showed higher 
levels of confidence and 
efficiency in terms of 
rule-based data associa-
tions, which resulted in 
improved ease of use. 

Perer and Sun 
[25] 
 
 
 
 
 
 
 
 
 
 

Clinical 
Diagnosis 
Tool (Heart 
Failure) 

 

Electronic Health 
Records (EHRs) 

 

Usability 
 

Expert evaluation / 4 
medical experts 
 

Comments made by the 
experts during the 
evaluation included: 
doctors can easily track 
the progress of the disease 
– earlier diagnosis can 
be made – use of visuali-
zation can help doctors 
select the best strategy to 
avoid onset of heart 
failure – ability to com-
pare cohorts. 

Quinn et al. 
[26] 
 
 
 
 
 
 
 

Health 
Monitoring 
System  
(Diabetes) 

 

Physiological data 
/Electronic Health 
Records (EHRs) 

 

Behavior 
change /  
Clinical change 
/  User Satis-
faction 
 

RCT / Adults with 
Type 2 Diabetes  
 

Reduction in hemoglobin 
levels for the intervention 
group (clinical change) - 
Change in medication 
Prescription by physicians 
(behavior change) - 
Positive levels of satisfac-
tion for both patients and 
physicians. 
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Despite the fact that only 12 studies satisfied the inclusion criteria for this review, 
the findings showed that in the case of nine studies the researchers reported positive 
effect of Big Data implementation. However, some negative results were recorded in 
the case of three studies [2, 6, 21]. Two out of the 12 studies reported results about the 
effect of Big Data application on actual behavior change (i.e. effect on patients' 
health; change of health behaviors and/or change in clinical practice). Both studies 
reported a positive effect in the context of diabetes and coronary heart disease respec-
tively [23, 26]. In the study by Graf et al. [23] the findings showed that the analysis of 
EHRs improved clinical decision support and the care provided to patients with coro-
nary heart disease. The health of patients with CAD improved in terms of Body mass 
index, blood pressure and therapy adherence. The integration of EHRs with real time 
physiological data collected through wearable sensors improved also the effectiveness 
of a health monitoring system for patients with type 2 diabetes [26]. The system ena-
bled both patients and doctors to track the progress of the disease. The collection of 
real time physiological data updated the data held in patients' electronic health record 
database and supported integrated analysis and visualization of both types of data. 
The results of the RCT showed that patients’ health was improved, as well as the 
flexibility of clinicians' prescription behavior.  

In addition to behavior change, two studies studied the role of the analysis of EHRs 
in improving the effectiveness of decision and public health policy making [3, 4]. 
Despite the fact that the results communicated in both studies were preliminary, it 
becomes clear that the application of visual analytics methods to the processing of 
EHRs can support the disclose of hidden patterns and trends that would be impossible 
to identify using traditional techniques, such as the identification of temporal trends 
and missed opportunities, critical for the management of the disease. 

The effect of Big Data on the usability and technology acceptance was the most 
common form of effectiveness evaluation. Specifically, this issue was reported in five 
out of the 12 papers.  However, the results of these studies were mixed. For example, 
although Big Data improved the usability of health information systems, the findings 
of technology acceptance evaluation showed some negative effects that impeded the 
use and integration of this type of systems in clinical care. In terms of usability evalu-
ation the authors found that Big Data improved the data processing time [20]; led to 
higher levels of confidence and efficiency in terms of rule-based data associations 
[24]; and enabled detailed visualizations of the processed data, as well as the com-
parison of different patient cohorts across several variables (including genomic, envi-
ronmental and administrative) [25]. However, studies focused on the investigation of 
technology acceptance issues showed that the integration of PROs into a clinical deci-
sion support tool could not be incorporated successfully by doctors into daily clinical 
routine [6]; while in the case of a health monitoring system for the elderly, which 
collected and processed in motion physiological data, the authors concluded that there 
was no effect of intention to use the system on actual behavior [21]. 

Finally, a panel of expert reviewers evaluating a pharrmaco-surveillance system, in 
the study by Holbrook et al. [2], found several factors where Big Data implementation 
reduced system effectiveness. These factors included: lack of integration between  
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heterogeneous datasets (e.g. EHRs, LAD and EPRs); incomplete linked data technol-
ogies for structured and unstructured data sets; data quality problems; and finally, bias 
and incomplete privacy legislation.    

5 Conclusions 

In this paper we aimed to present a systematic overview of the literature in order to 
determine the extent to which Big Data applications in health care systems have man-
aged to improve patient experiences and clinicians' behavior, as well as the quality of 
care provided to patients. The results show that significant research has been focused 
on EHRs implementation, while we also found that relatively few studies are explicit-
ly focusing on other types of Big Data, such as PROs, genomic data, etc. Therefore, 
despite the benefits of the PROs, described analytically in [6, 7, 13], as their im-
portance is evidenced by their increased use in clinical trials, in this review we  
observed that the systematic use of PROs assessment in clinical care is too rare. Nev-
ertheless, we should highlight the fact that our survey misses journal articles and con-
ference papers, which are not indexed in PubMed and that we also did not include 
gray literature, such as white papers and unpublished reports.  

Furthermore, we observed that in the majority of papers, Big Data implementation 
in the health care domain presents several positive effects, regarding actual behavior 
change and decision and public health policy making. This happens because the ap-
plication of novel analytics technique to big datasets of clinical data can show hidden 
patterns and associations between data variables; and enable decision makers to visu-
alize and make sense of big volumes of data. This was common in the case of clinical 
decision support and diagnostic tools that processed electronic health records. On the 
other hand, in a few papers some negative effects of Big Data implementation were 
stated. In particular, there is a need for research to explore how data-driven systems 
can be incorporated effectively into daily clinical work. Also, it is important to inves-
tigate what health behaviors are needed for patients to effectively engage with in-
motion data, and in particular, technologies that collect and analyze physiological and 
psychometric data in real time. For this type of data-driven health technologies to 
succeed there is a need to understand how patients engage with health data and trans-
late their requirements into usable interfaces. Despite the positive effect of Big Data 
on behavior change, there is a need for more long-term randomized controlled trials to 
examine the effectiveness of data-driven clinical decision support on patients' health 
and clinicians’ diagnostic accuracy. While the harnessing of big volumes of Big Data 
can improve the depth of traditional analysis and systems performance, we need to 
make sure that patients and clinicians can make sense of Big Data and benefit them-
selves by the new knowledge produced. The results of the preliminary review report-
ed in this paper were a step towards this objective. Finally, we need to highlight the 
fact that this survey is limited to a small subset of studies found in PubMed, and that 
we have to repeat the study in the near future in a larger sample. Therefore, the find-
ings should be interpreted with caution.  
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