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Abstract

Background: Complications from type 2 diabetes mellitus can be prevented when patients perform health behaviors such as
vigorous exercise and glucose-regulated diet. The use of smartphones for tracking such behaviors has demonstrated success in
type 2 diabetes management while generating repositories of analyzable digital data, which, when better understood, may help
improve care. Data mining methods were used in this study to better understand self-monitoring patterns using smartphone
tracking software.

Objective: Associations were evaluated between the smartphone monitoring of health behaviors and HbA1c reductions in a
patient subsample with type 2 diabetes who demonstrated clinically significant benefits after participation in a randomized
controlled trial.

Methods: A priori association-rule algorithms, implemented in the C language, were applied to app-discretized use data involving
three primary health behavior trackers (exercise, diet, and glucose monitoring) from 29 participants who achieved clinically
significant HbA1c reductions. Use was evaluated in relation to improved HbA1c outcomes.

Results: Analyses indicated that nearly a third (9/29, 31%) of participants used a single tracker, half (14/29, 48%) used two
primary trackers, and the remainder (6/29, 21%) of the participants used three primary trackers. Decreases in HbA1c were observed
across all groups (0.97-1.95%), but clinically significant reductions were more likely with use of one or two trackers rather than
use of three trackers (OR 0.18, P=.04).

Conclusions: Data mining techniques can reveal relevant coherent behavior patterns useful in guiding future intervention
structure. It appears that focusing on using one or two trackers, in a symbolic function, was more effective (in this sample) than
regular use of all three trackers.

(JMIR Diabetes 2016;1(1):e1)   doi:10.2196/diabetes.4506
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Introduction

Diabetes is a cluster of metabolic conditions characterized by
dysglycemia from defects in insulin secretion and/or unhealthy
behaviors that cause debilitating complications and death [1,2].
In 2013, an estimated 8.3% of the global population lived with
diabetes and more than US $612 billion was spent on treatment
[3]. A type 2 diabetes (T2DM) diagnosis, affecting 90-95% of
people with diabetes, largely results from genetic predisposition,
excess body weight, physical inactivity, and poor diet [1].
Additional studies demonstrate that lower socioeconomic status
(SES) populations are at greater risk for developing diabetes
[4,5] and often demonstrate poorer disease management,
resulting in more frequent (and more expensive) complications
and hospitalizations [5].

There is consensus among researchers and clinical professionals
that glucose self-monitoring, exercise, and diet-related health
behaviors are important in effective T2DM management and
well-regulated serum glucose levels [6]. Monitoring health
behaviors (ie, exercise, healthy diet, glucose monitoring) may
be important in improving glucose control [6]. Mobile tracking
technologies can help patients adopt and sustain
self-management behaviors and can help health professionals
provide better monitoring and support. However, there are
challenges in determining the optimal design of self-tracking
tools and their optimal use with respect to frequency and
duration.

Data mining (DM) refers to analytic approaches useful in
detecting coherent patterns in large and complex datasets [7].
The applications of DM methods in analyses of diabetes-related
health behaviors are continually being improved, especially in
the selection of analytic frameworks that capture key data with
sufficient explanatory power [8].

As utilization of electronic health records increases in health
care, DM becomes more relevant [9] to chronic disease
prevention and management [8]. A recent study utilized
descriptive DM algorithms to analyze a dataset with 450
attributes to identify a “short list” of the behavioral correlates
of depressive disorder [10]. This study exemplifies use of DM
in datasets lacking the uniformity needed for more conventional
analyses [11]. DM can help integrate variables of multiple types
(eg, diet, exercise, blood pressure, SES, income, geographic
location) in better understanding factors affecting diabetes
incidence, prevalence, and management [7].

In another diabetes study, DM algorithms were used to construct
a model that predicted short-term changes in blood glucose [12]

exemplifying how DM can help identify risk factors for
hypoglycemia [13]. Several studies found that information
collected on meals, insulin therapy, and physical activity
improved the prediction of blood glucose levels [12-14].
Applying DM analyses to self-monitoring data could help
identify key indicators in the prevention of life-threatening
hypoglycemic events [15]. DM applied to primary medical data
could point to useful methods for initiating and maintaining
effective T2DM treatment, leading to better resource allocation
and treatment personalization [16,17].

Health coaching is a promising clinical role that stimulates and
supports health behavior change in patients with varying SES,
health problems and diagnosed chronic diseases. When
connected with 24 hour/day/7 day/week mobile phone-based
counseling, health coaching is associated with benefits for
individuals affected by uncontrolled T2DM [18-20] and chronic
obstructive pulmonary disease [17].

Objective
Our primary objective was to evaluate associations between the
mobile phone monitoring of health behaviors, within a
randomized controlled trial (RCT), and clinically significant
reductions in glycated hemoglobin (HbA1c).

Methods

The RCT protocol was reviewed and approved by the York
University research ethics board (Certificate #2012-033), and
all patients provided written, informed consent to participate.

The RCT assessed T2DM patients (N=97) assisted by personal
health coaches trained in behavior-change theories, practices,
and counseling methods (see Figure 1). At baseline, all patients
had poor glucose regulation as indicated by glycated hemoglobin
(HbA1c) ≥7.3%. In the mobile phone–assisted intervention arm,
participants (n=48) were provided a smartphone (Samsung
Galaxy Ace 2) with data service and pre-installed health tracking
software (NexJ Systems Inc., Connected Wellness Platform
[CWP]) enabling the detailed monitoring of two behaviors
(exercise and diet) and a risk-related outcome (blood glucose)
throughout a 24-week intervention. Health coaches helped
patients use the mobile phone software in ways that best fit their
daily routines.

CWP use data were extracted from NexJ Systems servers upon
trial completion and compiled into .csv files stored on
password-protected portable drives. Study participant IDs were
matched with software user IDs, as data were anonymized and
prepared for analyses.
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Figure 1. Flowchart of enrollment.

Data Analysis

Association Rule Algorithms
To discover useful relationships between self-tracker use and
HbA1c outcomes, we employed association-rule algorithms
software to find coherent relationships in transactions
represented by sets of items, termed “frequent item sets.” For
example, when customer A buys bread and cheese, and customer
B buys bread, cheese and burgers, bread and cheese appear
frequently on both shopping lists. Therefore, bread and cheese
are associated and they qualify as a frequent item set [bread,
cheese]. Support is a term reflecting the measurement of
association frequency, as defined by the percentage of
observations to which the item sets belong. In our study, support
was defined as the number of times an attribute value (such as
a1c 6 month diff=1.1) or a set of attribute values (such as
glucose_count=200 and food_count=150) appear in participant
data, divided by the total number of participants, expressed in
a percentage (ie, multiplied by 100).

We used association rule algorithms to identify all common
attributes in participants. The support threshold was fixed at a
minimum of 5%, such that item sets were generated that
occurred in at least 5% of the sample. We used the a priori
association rule algorithm implemented by C language for the
Unix/Linux environment.

Attribute Selection
Among the 97 T2DM study completers, the present analysis
considers patients in the experimental group (n=48). As our
objective was to evaluate associations between the use frequency
of different trackers in the CWP in relation to HbA1c outcomes,
we selected the change in HbA1c over 24 weeks
(a1c6month_diff) and 4 software uses as the attributes for the
association rule algorithm. These attributes were use frequency
of the blood glucose tracker (glucose_count), use frequency of
the food tracker (food_count), use frequency of the exercise
tracker (exercise_count), and the total use frequency of all three
trackers (generic_count).

Discretization
We proceeded to discretize the attributes to implement the
association rule algorithm. For the four tracker attributes
(glucose_count, food_count, exercise_count, and generic_count),
data were discretized into categories relevant to typical use
during a standard week, with numerical criteria selected to
reflect significant adoption levels by patients (see Table 1).
Discretization was compiled differently per tracker to align with
expected and actual adoption rates per tracked behavior (or
outcome). For example, glucose management in T2DM includes
self-monitoring of serum-glucose via finger prick, recommended
several times daily for poorly managed patients, and less often
if there is better gluco-regulation. Use of the blood glucose
tracker was discretized based on frequencies of 1-4.9 uses per
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week, 5-7.9 uses per week, 8-13.9 uses per week, and 14-21.9
uses per week. For food tracking, a similar discretization pattern
was used. Since use frequency fluctuated, discretization was
calculated as up to once per week, 1-3.9 uses per week, 4-6.9
uses per week, 7-13.9 uses per week (1 to <2/day), 14-20.9 uses
per week (2 to <3/day), and 21+ per week (3+/day). Since the
exercise tracker was the least frequently used, discretization

rules were adjusted to once every other week, 0.5-0.9 uses per
week, 1-1.9 uses per week, 2-2.9 uses per week, 3-3.9 uses per
week, and 4<6 uses per week. The total use of all trackers was
discretized to once per week, 1-3.9 times per week, 4-6.9 times
per week (0.5-1/day), 7-13.9 times per week (1-2/day), 14-17.9
times per week (2-4/day), 18-34.9 times per week (4-5/day),
and 35-50 times per week (5-7/day).

Table 1. Discretization of tracker use frequency a-d.

MeaningRangeGroupAttribute

Zero0-01Glucose count

Up to once per week5-242

1-4.9 times/week24-1203

5-7.9 times/week120-1924

8-13.9 times/week192-3365

14-21.9 times/week336-5206

Zero0-01Exercise count

Minimal (>0-4)0-52

Once every other week5-123

0.5-0.9 time/week12-244

1-1.9 times/week24-485

2-2.9 times/week48-726

3-3.9 times/week72-967

4-6 times/week96-1508

Zero0-01Food count

>0-5 over 6 months1-52

Up to 1 time/week5-243

1-3.9 times/week24-964

4-6.9 times/week (1/day)96-1685

7-13.9 times/week (1-1.9/day)168-3366

14-20.9 times/week (2-2.9/day)336-5047

21+ times/week (3+/day)504-7208

Zero0-01Generic count

1 time/week0-242

1-3.9 times/week24-963

4-6.9 times/week (0.5-1/day)96-1684

7-13.9 times/week (1-2/day)168-3365

14-17.9 times/ week (2-4/day)336-6726

18-34.9 times/ week (4-5/day)672-8407

35-50 times/week (5-7/day)840-12008

aAttribute=type of tracker used.
bGroup=discretization group.
cRange=frequencies of use for allocation to group.
dMeaning=frequency of use in terms of use per week/day.
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Preprocessing for HbA1c Attribute
For the a1c6month_diff attribute, conceived of as the most
important attribute in investigating the desired associations, we
preserved its original value to an optimal degree. Therefore, we
did not discretize this attribute but created an extension of
attributes based on the a1c6month_diff attribute. We obtained
a set of all possible values for a1c6month_diff attribute (a), such
as {-1.4, -0.8, -0.5, -0.3, -0.1, 0, 0.1, 0.2, 0.5, an}. For patients
with an a1c6month_diff value of a1 through to an, we created
the following new attributes: a1c6_at_least_-1.4,
a1c6_at_least_-0.8, a1c6_at_least_-0.5, ..., a1c6_at_least_n.
Accordingly, the patient with the lowest reduction value was
associated with only one attribute value (of this kind) while the
patient with the highest reduction was associated with all the
attribute values established.

Postprocessing of Associations
The above pre-processing approaches produced redundancies
in the input data for the association rule algorithm. Therefore,
we applied three approaches to post-processing after the
associations were generated. First, if a frequent item set
contained only a1c6_at_least_an attribute values, where an is a
float number (from a1 to an), we removed such item sets (for
example, a1c6_at_least_0.4 a1c6_at_least_0.2 and
a1c6_at_least_-0.3 a1c6_at_least_-0.8 a1c6_at_least_-1.4).
The preceding two frequent item sets were thus removed because
the extra a1c6_at_least values were added by the pre-processing
approach were not relevant unless generated together with the
other attributes.

Second, for a frequent item set, if a1c6_at_least_an the attribute
values that appeared multiple times were removed except the
a1c6_at_least_an where n is the largest value among the “a1c6”
values, (for example, glucose_120 a1c6_at_least_0.5
a1c6_at_least_0.3).

In this frequent item set, the a1c6_at_least attribute occurred
twice. However, when a reduction value for “a1c6” of at least
0.5 exists, by default, the reduction value of 0.3 must exist.
Therefore, a1c6_at_least_0.3 was a redundant attribute value
and was therefore removed. The above frequent item set
becomes the following after post-processing: glucose_120
a1c6_at_least_0.5.

Third, after considering the above two situations, redundant
item sets existed in the result. For example, glucose_120
a1c6_at_least_0.7 a1c6_at_least_0.4 and glucose_120
a1c6_at_least_0.7 a1c6_at_least_0.1. These two frequent item
sets both contained redundant “a1c6_at_least” attribute values.
After considering the second situation, these two frequent item

sets became glucose_120 a1c6_at_least_0.7 and glucose_120
a1c6_at_least_0.7. Since they were identical and their support
values were identical, we removed one of them.

Pre- and postprocessing were implemented by Python using the
Linux environment. Attribute selection and categorization were
used to determine how system use was associated with change
in HbA1c per participant. A minimum clinically significant
change approach was used to determine what proportion of
participants demonstrated 0.5% (5.5 mmol/mol) or greater
reductions of HbA1c and used trackers at variable levels of
intensity [21]. Therefore, patient data were extracted only with
associations containing the attribute-value pair a1c_0.5,
representing changes in HbA1c values that were 0.5% or above,
which was true for 29 participants.

Last, a Fisher’s exact test for count data was applied to
determine the statistical relationship between use of all three
trackers, use of one or two trackers, and HbA1c reductions. For
this test, the 10 intervention participants who used the software
but did not have a clinically significant reduction in HbA1c
were used as a comparison group. Results were considered
significant at the P=.05 level.

Results

Usage Data
In total, 48 intervention patients completed the 24-week trial.
Only 39 patients used the CWP software to track health
behaviors. Of this software software-user sample, 29 reduced
their HbA1c measure by clinically significant levels at trial
conclusion, defined as 0.5% (5.5 mmol/mol) or greater (see
Figure 2). Demographic and baseline characteristics of the
clinically significant HbA1c reduced-users are provided in Table
2 and compared with the full intervention sample. While
multiple health trackers were available in the CWP, most
participants used one or a combination of two-to-three specific
trackers (ie, between (1) glucose monitoring, (2) exercise
tracking, and (3) food tracking) (see Figures 3-5). These trackers
reflect the behaviors often considered relevant in diabetes
management and therefore the trackers often recommended by
health coaches for patients use. Of the 29 clinically significant
HbA1c reduced-user group (selected as a subpopulation of
interest [SOI]) (HbA1c reduction ≥0.5%), 2 singularly used the
food tracker and 7 singularly used the glucose tracker, while no
subjects singularly used the exercise tracker. Meanwhile, 11 of
these subjects used both glucose and exercise trackers, 3 used
both glucose and food trackers, while 0 subjects used both food
and exercise trackers. Last, 6 subjects used all three trackers.
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Table 2. Subject demographics.

Full intervention sample (n=48)SOI

(n=29)

53.1 (26-74) 10.953.4 (26-68) 10.7Age in years, mean (range) SD

HbA1c, % (mmol/mol) SD

8.69% (71.5) 1.328.88% (73.6) 1.30Baseline

7.88% (62.6) 1.177.52% (58.7) 0.956 months

0.81% (8.9)1.36% (14.9)Reduction (baseline to 6 months)

Sex, n (%)

17 (35)11 (33)Male

31 (65)18 (66)Female

Education, n (%)

10 (21)5 (17)Less than high school

17 (35)14 (48)High school

11 (23)6 (21)College diploma or vocational training

8 (17)4 (14)University degree

2 (4)0 (0)Did not disclose

Car access, n (%)

19 (40)10 (34)Owns a car

9 (19)8 (28)Has access to car

19 (40)11 (38)No access to car

1 (2)0 (0)Not disclosed

Employment status, n (%)

16 (33)10 (35)Unemployed

3 (6)1 (3)Student

1 (2)0 (0)Part-time

13 (27)8 (28)Full-time

6 (13)3 (10)Retired

6 (13)5 (17)Self-employed

2 (4)2 (7)Work in the home (take care of children)

1 (2)0 (0)Not disclosed

Income in CAD$, n (%)

9 (19)4 (14)0-9999

10 (21)8 (28)10,000-25,000

12 (25)7 (24)25,000-50,000

3 (6)2 (7)50,000-75,000

4 (8)3 (10)75,000-up

10 (21)5 (17)Did not disclose

As seen in Table 3, the HbA1c reductions of subjects who used
single trackers (food-tracker only or glucose-tracker only) did
not significantly differ from each other. More subjects (11/48,
22.9%) used the glucose and exercise tracker in combination
than the glucose and food tracker in combination (3/48, 6.3%),
but there were no significant differences in HbA1c levels in
these subjects. The 6 of 48 subjects (12.5%) who used all three

trackers (glucose/food/exercise) achieved a mean HbA1c
reduction of 1.55%.

The Fisher’s exact test for count data indicated subjects who
used the software (n=39) were more likely to achieve a clinically
significant reduction in HbA1c if they used one or two trackers
than if they used all three trackers (OR 0.18, P=.04) (see Table
4).
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Table 3. Tracker usage pattern.

SDMean reduction of HbA1c, %Users, nMobile phone tracker

1.201.952Food only

1.001.747Glucose only

000Exercise only

0.380.9711Glucose + exercise

0.451.073Glucose + food

000Food + exercise

0.491.556Glucose + food + exercise

Table 4. Fisher’s exact test for count data on three trackers versus lessa.

Did not achieve clinical HbA1c reduc-
tion (<0.5%)

Achieved clinical HbA1c reduction
(≥0.5%)

66All 3 trackers

423<3 trackers

aOR 0.18 and P=.04.

Figure 2. Breakdown of smartphone usage group.
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Figure 3. Food tracker.
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Figure 4. Blood glucose tracker.
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Figure 5. Exercise tracker.

Data Mining
The glucose tracker was the most frequently used CWP function.
Altogether, 22.9% (11/48) of subjects tracked their blood
glucose with the software 1-4.9 times per week and had a
clinically significant reduction in HbA1c (>0.5%) (see Table
5) while an additional 22.9% with >0.5% reduction in HbA1c
demonstrated more frequent glucose tracker use (6/48, 12.5%)
and used it 5-7.9 times per week while 10.4% (5/48) used it
8-13.9 times per week.

The food tracking function followed a similar pattern, although
with slightly less frequent use. We found 9/48 (18.8%) of

participants who achieved at least a 0.5% reduction in HbA1c
used the food tracker a minimal amount (one time or less per
week), while 7/48 (14.6%) used the system 1-3.9 times per
week, and 4/48 (8.3%) used the system 4-6.9 times per week
(see Table 6).

The least used tracker (and the only tracker that was never
singularly used) was the exercise tracker, which was used by
7/48 (14.6%) of the intervention participants between 0.5-0.9
times per week (Tables 7 and 8). When it was paired with
glucose tracking, however, every patient who used the exercise
tracker had clinically significant reductions in HbA1c (see
Figure 6).
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Table 5. Glucose tracker use.

Glucose

8-13.9 times/week

Glucose

5-7.9 times/week

Glucose

1-4.9 times/week

HbA1c diff.

nUsers, %nUsers, %nUsers, %

612.5612.51429.20.1

612.5612.51327.10.2

612.5612.512250.3

612.5612.51122.90.4

510.4612.51122.90.5

510.4510.41020.80.6

510.4 8510.4918.80.7

510.4510.4816.70.8

510.4510.4816.70.9

48.3510.4714.61.1

48.3510.41.2

48.3510.41.3

48.348.31.5

Table 6. Food tracker use.

Food 4-6.9x/wkFood 1-3.9x/wkFood up to 1x/wkHbA1c diff.

nUsers, %nUsers, %nUsers, %

48.3816.71020.80.1

48.3816.7918.80.2

48.3714.6918.80.3

48.3714.6918.80.4

48.3714.6918.80.5

48.3612.5816.70.6

48.3510.4816.70.7

48.3510.4816.70.8

48.348.3714.60.9

714.60.11

48.30.12

48.30.13
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Table 7. Exercise tracker use—Part 1.

Exercise 1x every other wkExercise <5x in 6 monthsExercise up to 1x/wkHbA1c diff.

nUsers, %nUsers, %nUsers, %

714.6816.7816.70.1

714.6714.6816.70.2

714.6714.6714.60.3

612.5612.5714.60.4

612.5612.5714.60.5

48.3612.5612.50.6

48.3612.5612.50.7

48.3612.5612.50.8

48.3510.4612.50.9

48.3510.4612.50.11

510.448.30.13

48.30.15

Table 8. Exercise tracker use—Part 2.

Exercise 2-2.9x/wkExercise 1-1.9x/wkExercise 0.5-0.9x/wkHbA1c diff.

nUsers, %nUsers, %nUsers, %

48.348.3714.60.1

48.348.3714.60.2

48.3714.60.3

48.3714.60.4

714.60.5

714.60.6

612.50.7

612.50.8

510.40.9

48.30.11
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Figure 6. Tracker usage group by clinical HbA1c reduction (ÃƒÂ¢Ã¢â‚¬Â°Ã‚Â¥0.5%).

Discussion

Principal Findings
In the emergent field of mobile phone–assisted health coaching,
a recurring question is whether the expense of integrating
mHealth technology justifies the benefits. This highlights the
need to further investigate for whom (which subpopulations)
these technologies are useful and which technologies are most
useful for them. In addressing these questions, this study pilots
a method of investigating RCT participants, focusing on those
who derived clinically significant benefit from participation
and made significant use of the mobile phone software. The
study specifies how much use they engaged in, and the
associated benefits, using the clinically significant reduction in
HbA1c criteria of 0.5% (5.5 mmol/mol) or greater.

By employing attribute categorizations, tracker-use frequencies
were determined per subject in an SOI of significant users who
also derived clinically significant glucose reductions. This
dataset enabled comparison of subjects who used single trackers
versus multiple trackers (two or three trackers). Descriptive
results indicated that in subjects achieving a 0.5% HbA1c
reduction or better, singular use of the glucose and food
monitoring was undertaken, while, in contrast, in the same
group, no singular use of the exercise tracker was undertaken.
In dual-tracker use, glucose and exercise trackers were employed
by more subjects than glucose and food tracking. Interestingly,
food and exercise (as dual) trackers were not used by any of the
subjects who met criteria for 0.5% HbA1c reduction or greater.
Last, all three trackers were used by 12.5% (6/48) of subjects
and were associated with a substantive HbA1c mean reduction
(1.55% or 16.9 mmol/mol).

The Fisher’s exact test for count data indicated that for subjects
who used the software (n=39) and used all three trackers, there
was a significantly lower likelihood of achieving a clinically

significant reduction in HbA1c than for those who used a lesser
number (ie, one or two trackers) (OR 0.18, P=.04). This finding
indicates that it might be advisable for patients with type 2
diabetes to focus on one or two trackers, especially if one tracker
assesses blood glucose levels. From a behavioral perspective,
these data could influence health coaching recommendations
for health behavior tracking.

Limitations
Data mining is often used to process large amounts of data. One
limitation of the pilot application of data mining in this study
was the relatively small user sample size. Nonetheless, the
association rule algorithm technique offers a foundation with
which to study larger datasets of mHealth tracking technologies
as they become available. In terms of diabetes intervention, this
was an RCT of typical size (48 intervention participants) and,
altogether 10,695 uses of the mobile phone app were analyzed
(about 62 uses per month per participant who used the software).
Although future DM studies may address larger datasets, this
pilot demonstrated application in an RCT dataset within which
>10,000 app uses were analyzed (averaging ~1 use per day).

Conclusion
In summary, this study points to a future when the mobile
monitoring of health behaviors will increase and provide digital
signals representing engagement in discrete behaviors and
daily-weekly-monthly outcomes. Whereas previous associations
between counseling and outcomes were difficult to obtain and
often based on retrospective self-report, mobile phone
monitoring offers ongoing records that precisely reflect status
improvements, their stability, and fluctuations (eg, relapsing
patterns). Altogether, with the increasing collection of wearable
data, we may derive a quantifiable perspective on health changes
that instructs the patient and health coach in improving chronic
disease management.
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Abstract

Background: For patients with diabetes, the self-monitoring of blood glucose (SMBG) is a recommended way of controlling
the blood glucose level. By leveraging the modern information and communication technology (ICT) and the corresponding
infrastructure, engineers nowadays are able to merge the SMBG activities into daily life and to dramatically reduce patient’s
burden. Such type of ICT-powered SMBG had already been marketed in the United States and the European Union for a decade,
but was introduced into the Chinese market only in recent years. Although there is no doubt about the general need for such type
of SMBG in the Chinese market, how it could be adapted to the local technical and operational environment is still an open
question.

Objective: Our overall goal is to understand the local requirements and the current status of deploying ICT-powered SMBG to
the Chinese market. In particular, we aim to analyze existing domestic SMBG mobile apps and relevant domestic patents to
identify their various aspects, including the common functionalities, innovative feature, defects, conformance to standards,
prospects, etc. In the long run, we hope the outcome of this study could help the decision making on how to properly adapt
ICT-powered SMBG to the Chinese market.

Methods: We identified 289 apps. After exclusion of irrelevant apps, 78 apps remained. These were downloaded and analyzed.
A total of 8070 patents related to glucose were identified from patent database. Irrelevant materials and duplicates were excluded,
following which 39 patents were parsed to extract the important features. These apps and patents were further compared with the
corresponding requirements derived from relevant clinical guidelines and data standards.

Results: The most common features of studied apps were blood health data recording, notification, and decision supporting.
The most common features of studied patents included mobile terminal, server, and decision supporting. The main difference
between patents and apps is that the patents had 2 specific features, namely, interface to the hospital information system and
recording personal information, which were not mentioned in the app. The other major finding is that, in general, in terms of the
components of the features, although the features identified in both apps and patents conform to the requirements of the relevant
clinical guidelines and data standards, upon looking into the details, gaps exist between the features of the identified apps and
patents and the relevant clinical guidelines and data standards. In addition, the social media feature that the apps and patents have
is not included in the standard requirements list.

Conclusions: The development of Chinese SMBG mobile apps and relevant patents is still in the primitive stage. Although the
functionalities of most apps and patents can meet the basic requirements of SMBG, gaps have been identified when comparing
the functionalities provided by apps and patents with the requirements necessitated by the standards. One of the most important
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gaps is that only a small portion of the studied apps provides the automatic data transmission and exchange feature, which may
hamper the overall performance. The clinical guidelines can thus be further developed to leverage new features provided by
ICT-powered SMBG apps (eg, the social media feature, which may help to improve the social intervention of patients with
diabetes).

(JMIR Diabetes 2016;1(1):e2)   doi:10.2196/diabetes.4475

KEYWORDS

apps; diabetes; information and communication technology; self-monitoring of blood glucose; patents

Introduction

Self-Monitoring of Blood Glucose
According to World Health Organization data statistics, in 2014,
the global prevalence of diabetes was estimated to be 9% among
adults [1]. In most developed countries, diabetes is the fourth
highest fatal disease, whereas in developing countries, the
number of people living with diabetes is on the rise [2]. Being
a developing country, China has the largest population of
diabetics in the world [3,4]. With the increasing prevalence of
diabetes, various diabetes-related complications have become
the main reason for disability or death in these patients [5].

Results of clinical studies have shown that controlling glucose
level based on a predefined rule can reduce the incidence and
development of chronic complications of diabetes, but whether
glucose level can remain stable in an allowed range in daily life
depends on diabetes self-management [6,7]. The self-monitoring
of blood glucose (SMBG), as a recommended diabetes
self-management tool, plays an important role in the
self-management of diabetes. It can provide real-time glucose
information and timely intervention that can help patients
maintain normal blood sugar levels. The demonstrated clinical
value of SMBG for patients with diabetes has been widely
recognized by stakeholders. Accordingly, the International
Diabetes Federation [8], the American Diabetes Association
[9], and the National Institute for Clinical Excellence [10] have
stressed that SMBG is an integral part of a comprehensive
diabetes management, and they recommend that all patients
should practice SMBG. However, the data from SMBG can
significantly affect physician’s decision making because, in
their opinion, the influence of the SMBG data for treatment
decisions is equal or greater than the glycosylated hemoglobin
(HbA1c) levels [11-15]. The guidelines [16] proposed by the
Ministry of Health (MoH) also promoted various subtypes of
SMBG scheme applicable to patients with diabetes.

Information and Communication Technology
In 2014, there were about 1.5 billion mobile device users
worldwide. A year ago, this number was only 1.1 billion. A
previous report [17] indicated that P.R. China had the largest
amount of mobile phone users in 2013 and the number is still
increasing. The information and communication technology
(ICT) [18], characterized by multimedialization, popularization,
diversity, personalization, and globalization [19], is an attractive
platform for health promotion and disease management
interventions. The same applies to diabetes self-management
as well.

The Chinese government acts positively in deploying ICT in
the health care domain, as it has already issued several
regulatory policies in recent years, such as the “Twelfth Five
(2011-2015)” National Strategic Emerging Industry
Development Plan [20], the Biomedical industry development
plan [21], and the Opinions on Promoting the Development of
Health Services Industry [22]. The top policymakers in the
country are pushing stakeholders to develop portable health
data-collection devices, with ability to connect to the Internet
(eg, via Wi-Fi or mobile Internet), and to increase the
deployment of automatic and intelligent health information
service.

SMBG System Powered by ICT
When practicing SMBG, patients normally monitor and manage
their glucose level by themselves at home. Such an activity may
benefit from an ICT-powered SMBG system, which allows
patients to transmit their data to a service provider via an
end-to-end data channel. In most cases, such a system is
composed of one or more measuring instruments (eg, a glucose
meter), a gateway device (eg, a mobile device), and a remote
server. Patients can collect their glucose measurements and
other related health data with glucose meter and other
instruments. The common devices used here are blood glucose
monitor (BGM) and continuous glucose monitor (CGM). The
remote server contains personal health record (PHR) and other
related services. The established connectivity between measuring
instruments and personal health gateway, and the connectivity
between gateways and remote server, together populate an
end-to-end data channel. Through this channel, the collected
data can be transmitted from patients to service providers via
uplink, and the instructions from service providers can be sent
to patients via downlink. This allows patients and service
providers to access the health data any time. Service providers
can provide further appropriate interventions to patients based
on certain data-driven strategy. Moreover, the external partners
contain the hospital information system (HIS), the social
network site, etc. Figure 1 shows a general architecture of such
ICT-powered end-to-end system. It is a simplified version of
the architecture described in Continua Design Guidelines [23],
which has been widely adopted by vendors in the European
Union and the United States. With the rapid development of
ICT, there are many mobile apps about disease management in
developed countries [24-26], especially about diabetes
self-management [27].

The SMBG powered by the aforementioned system can
effectively assist patients with lifestyle changes and reduce
patients’ reliance on doctors. In addition, it allows the service
providers to acquire the information about patients in a timely
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manner, to promote patients’ self-management and to generate
revenue for primary care stations. This technology can not only
set patients free, but can also reduce the financial burden of
hospitalization and medical resource consumption. Furthermore,
previous studies have shown that such system may lead to
positive clinical effectiveness. Hua [28] and Yan [29] carried
out experiments using the ICT-powered SMBG system, and the
experimental group outperformed the control group in terms of

the clinical efficiency of diabetes treatment, the stability of
controlled blood glucose level, and the efficacy of drug usage.
Last, but not least, with the help of the aforementioned system,
service providers now have great potential to conduct
personalized data mining and analysis based on the acquired
health care information, and thus are able to provide various
customized treatment solutions [30].

Figure 1. The user flow of the SMBG practice based on an end-to-end system.

Contents and Objectives
The ICT-powered SMBG had already been marketed in the
United States and the European Union for a decade, but was
introduced into the Chinese market only in recent years.
Although there is no doubt about the general need for such a
type of SMBG in the Chinese market, how it could be adapted
to the local technical and operational environment is still an
open question.

Our overall goal is to understand the local requirements and the
current status of deploying ICT-powered SMBG to the Chinese
market. In particular, we aim to analyze existing domestic
SMBG mobile apps and relevant domestic patents to identify
their various aspects, including the common functionalities,
innovative feature, defects, conformance of standards, prospects,
etc. In the long run, we hope that the outcome of this study
could help with the decision making on how to properly adapt
ICT-powered SMBG to the Chinese market.

Although the end-to-end ICT-powered SMBG system is the
target of this study, we employed mobile apps as one of our
data resources. From the architecture presented in Figure 1, it
can be seen that the mobile app is a key component. Its features
may well reflect the features of the entire system. Moreover, it
is much easier to acquire metadata of mobile apps, than those
of the end-to-end system. This can be achieved by searching
the app stores or Internet.

Methods

This section describes how the apps, the patents, and the
standards were identified, and what selection strategy had been
applied in this study. It also shows how the studied apps and
patents were evaluated and analyzed.

Apps and Patents Selection Strategy
In this study, the search resources are online stores for mobile
apps and Chinese national patents database [31]. We searched
for diabetes-related apps from globally available app stores
including Google Play Store, iTunes, BlackBerry World,
Windows Phone, and Nokia’s store. The domestic app stores
in PR China such as Huawei Store [32] and Xiaomi Store [33]
were also searched. We identified 289 apps and 8070 patents
from app store and patents database, respectively, using the
following keywords: “glucose,” “diabetes,” and “chronic disease
management.” Among the search result of apps, in particular,
the Google Android market occupies the largest portion (n=195),
followed by the Apple iOS (n=94); no results were retrieved
from the Blackberry and Windows Phone store.

In the next step, we eliminated general health and lifestyle apps
and game apps, because they were not relevant to the SMBG
practice (eg, the calorie calculator, glucose calculator). We also
excluded apps that are not designed for the Chinese market and
are not in Chinese. This is to ensure that all identified apps are
available in the Chinese market and that they present the
information in Chinese. Finally, we excluded apps that are not
related to recording glucose levels for patients with diabetes.
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Thus, after the first round of selection, a total of 83 apps and
198 patents remained. The second round of selection aimed at
identifying apps on the management of diabetes without much

missing details. A total of 78 apps (Android: n=46 and iOS:
n=32) and 39 patents were selected. Figure 2 shows the inclusion
and exclusion criteria applied in this study.

Figure 2. The flowchart of selection strategy.

Standards Selection Strategy
The application of various standards plays an important role in
regulating the product design, product usage, and clinical
practices. Therefore, conformance to the requirements imposed
by the respective standard is essential to ensure that the
ICT-powered SMBG system implemented is both functionally
and clinically suitable. Besides, adherence to necessary standards
is also a necessary condition for such implementation to become
scalable and widely deployable.

To meet these rationales, 2 types of standards are considered in
this study: the clinical guidelines and the data standards. The
former ensures that the ICT-powered SMBG implementations
are capable of meeting the service provider’s operational and
clinical needs, and the latter ensures that multiple technical
elements (devices and services) work together in an
interoperable way. In the context of any end-to-end system
having an architecture similar to Figure 1, the so-called data
standards actually refer to a family of technical standards,
including data exchange protocol, wired or wireless transport,
data dictionary, nomenclature code, domain information model,
device profile, service configuration, testing procedure, etc.
However, providing their technical detail is out of the scope of
this article.

To identify relevant data standards, we searched a database of
national standard [34], and 3 databases of ministry-level
standards, including the MoH [35], Ministry of Industry and
Information Technology [36], and China Food and Drug
Administration (CFDA) [37] databases. The only reference we
found is the basic dataset of disease management, which was

published by the MoH in 2012 [38]. However, this standard is
purely a data dictionary specifically designed for capturing
intrahospital information exchange (eg, HIS) data. The content
of the standard alone is not able to support all the operations
and data flows generated by an ICT-powered end-to-end system.

Therefore, as a backup, we employed the following 2
international data standards, whose scopes are similar to what
we are looking for, as the baseline for this study: IEEE
11073-10417-2015 (BGM) [39] and IEEE 11073-10425-2014
(CGM) [40], both of which were published by the Institute of
Electrical and Electronics Engineers (IEEE) in 2015 and 2014,
respectively, and are now being adopted by the International
Organization for Standardization.

For the clinical guideline, we identified 2 relevant guidelines
[41-42] published by the Chinese Diabetes Society in 2011 and
2012, respectively.

Evaluation and Analysis Method
After obtaining the apps and patents, we summarized the
features of the apps and patents, and also extracted relevant
requirements from standards. The features of these apps and
patents are listed in Multimedia Appendices 1 and . The
requirements exacted from standards are listed in the “Data
Standards” section, and the following comparisons are
presented: (1) comparison between the features of apps and the
features of patents; (2) comparison between the features of apps
and the requirements of standards; (3) comparison between the
features of patents and the requirements of standards. The
flowchart of the analysis method we employed is shown in
Figure 3.
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Figure 3. The flowchart of analysis method.

Results

Data Standards
The data standards we used in this study were IEEE
11073-10417-2015 (BGM) and IEEE 11073-10425-2014
(CGM). Within these 2 data standards, the key measurements,
data format, nomenclature codes, data exchange method, device
parameters, and device profiles are defined to ensure the
interoperability between BGM/CGM devices, gateway devices,
and backend servers. Figures 4 and 5 show the domain
information model of the 2 standards. Such models may help
us to deduce the data-related requirements for SMBG apps, and
such requirements come from industry consensus built from the
standard development process.

The aforementioned basic dataset of disease management only
contains basic glucose level and HbA1c measurement, whereas
the 2 IEEE standards contain far more measurements and
contextual information, which may better satisfy the needs of
SMBG. Such supplementary information can be summarized
and categorized as follows:

1. Direct measurements: glucose, blood pressure;

2. Indirect measurement or manual input: diet, medications,
exercise, symptoms, tester, sample locations; and

3. Instrument information: interval, author code, alert,
calibrations, device status, and solution.

Figure 4. The domain information model in IEEE Std.11073-10417-2015.
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Figure 5. The domain information model in IEEE Std.11073-10425-2014.

Clinical Guidelines
The clinical guidelines used in this study were the Chinese
Glucose Monitoring Clinical Guideline and the Chinese
Continuous Glucose Monitoring Clinical Guideline. These 2
clinical guidelines define the data that service providers need
to know from the patients in SMBG, and provide a standard of
glucose monitoring for patients and doctors, including measure
counts, exact measuring time, data format, and calculated
statistical information of CGM, which is the most useful data
for accurate diagnosis. Such standardized presentation of SMBG
data can largely help clinicians to understand the conditions of
patients with diabetes.

The requirements suggested by such clinical guidelines, either
directly or indirectly, can be summarized and categorized as
follows:

1. Accuracy-related information: accuracy of BGM device,
contextual factors of BGM, and accuracy of CGM;

2. Glucose-related statistics: frequency and time point of
glucose monitoring, mean value, standard deviation, volatility,
and absolute difference;

3. Other necessary context information: diet, exercise, weight,
blood pressure, medications, and symptoms.

4. Data evaluation and analysis method;

5. Decision-supporting information;

6. Diabetes-related educational material;

7. PHR.

Functionality of the End-to-End SMBG System
Suggested by Referenced Standards
By jointly considering the data standards and the clinical
guidelines, we have identified the following requirements on
functionalities:

1. Self-test: This includes blood glucose, blood pressure, weight,
diet status, record of exercise, record of medications, record of
symptoms;

2. Diabetes-related education material;

3. Personalized context-based notification and alert;

4. Decision-supporting information;

5. Data synchronization to PHR; and

6. Data evaluation and analysis method.

The aforementioned functionalities are further elaborated in
Table 1. Although these functionalities are mutually exclusive,
they have the potential to work as an integrated solution to
support SMBG practices. For example, the user can log into the
personal portal to view the records of glucose level, blood
pressure, weight, diet, exercise, medication, and symptoms to
evaluate how these factors are inter-related or how they may
affect his/her blood glucose condition.
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Table 1. Descriptions of the functionalities implied by standards.

Sourcea,bDescriptionInputFunctionNo

D/CUser enters values and can view graphs, with low, high,
and normal ranges well demarcated.

Blood glucose values timestampBlood glucose1.1

D/CUser enters values and can view graphs, with low, high,
and normal ranges well demarcated.

Blood pressure timestampBlood pressure1.2

D/CUser enters values and can view graphs.Weight timestampWeight1.3

D/CUser enters values and manually selects the type and
amount of food.

Food eaten, carbohydrate times-
tamp

Diet status1.4

D/CUser enters values and manually selects the type and in-
tensity of exercise.

Exercise type, intensity, durationRecord of exercise1.5

D/CUser enters values and manually selects the type and
amount of drugs.

Medications type, amount,
timestamp

Record of medications1.6

CUser enters values and manually enters daily physical
condition.

Symptoms timestampRecord of symptoms1.7

CMost apps linked to another app for educational material
or used Web links. Some had decision support and per-
sonalized tips and feedback.

Tips, feedback, diabetes health
information

Diabetes-related education materi-
al

2

DUser enters reminders manually, and also receives re-
minders for postprandial testing. Some had automatic
tailored alerts.

Injection reminders, medication
reminders, measuring reminder

Personalized context-based notifi-
cation and alert

3

CData can be shared between doctors and patients, and
doctors can give remote guidance.

Emails between doctors and pa-
tients

Decision-supporting information4

CSynchronization with personal health systems, data can
be shared and stored in the cloud platform for easy access.

PHRData synchronization to personal
health record (PHR)

5

CThe data can be presented in a graph to show the effects
of data to blood glucose for doctors to determine.

The signs dataData evaluation and analysis
method

6

aC: Functionalities from the clinical guidelines.
bD: Functionalities from the data standards.

Mobile Apps
A total of 78 identified apps have been downloaded, and their
functionalities were studied. Most of these apps provide similar
functionalities, such as blood health data recording, notification,
and offer decision-making support. Most functionalities listed
in Table 1 can also be found in the studied apps.

Among them, the blood glucose recording is the most common
functionality, which is obvious. A self-management portal
allowing patients to store and review various diabetes-related
personal health information (such as blood pressure, weight,
exercise, diet, medications, and symptoms) appears to be another
popular feature in many apps. Furthermore, the personalized
notification is included in some apps.

Some of the studied apps provide diabetes-related analytical
result and decision-making support for users. Various
functionalities such as providing guidelines regarding the
treatment and management of diabetes, multimodal educational
materials (eg, videos, forums), and PHR synchronization are
also included in some apps to examine patients’ lifestyle.

A less presented, but interesting, functionality is the social media
support, such as the option to email, text message, or any type
of communication between stakeholders (eg, patients, service
providers, patent’s relatives, friends). Few apps also provide
data connectivity, which allows for end-to-end data transmission.
Table 2 shows the presence of functionalities in the studied apps
(N=78).
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Table 2. Percentage of studied apps having different features (N=78).

%nFeatures

10078Blood glucose

7458Blood pressure

5845Weight

5442Notification and alert

4535Decision supporting

4434Record of exercise

4233Diet status

3830Social media

3628Record of medications

2419Diabetes-related education material

1814Data evaluation and analysis method

1512Data synchronization to personal health record

97Record of symptoms

1310Bluetooth

Patents
A total of 39 identified patents have been downloaded and their
functionalities were studied. The described solutions in most
of the studied patents are designed as an end-to-end SMBG
system. Some of them even go beyond the PHR server and
interact with HIS. The personal information (eg, patient’s
medical records, health insurance information) is also recorded
in some of the studied patents.

The studied patents have many functionalities in common. In
addition, many functionalities present in the studied apps are
also included in the studied patents, such as decision-supporting
information, notification and alert, analysis, record of personal
health information, and social media. Table 3 shows the most
dominating features and the percentage of the studied patents
(N=39) that have these tools.

Table 3. Percentage of the studied patents having different features (N=39).

%nFeatures

8533Mobile terminal

6927Server

239Bluetooth

2610Decision supporting

187Notification and alert

156Data evaluation and analysis method

135Social media

135Record of personal information

104Record of personal health information

187Interface to the hospital information system

156Diabetes-related educational material

Discussion

Comparison of Functionalities Between Apps and
Standards
All the functionalities related to data summary are shown in
Tables 1 and 2, which indicate good conformance of the studied
apps to the aforementioned referenced standards. However, for

some other types of functionalities, the situation is different.
The details are discussed in the following sections.

Connectivity
The connectivity is a key component in an end-to-end SMBG
system. According to the results presented in Table 2, it can be
seen that only 13% (10/78) of the studied apps have
connectivity; however, all of these use Bluetooth [43]. The
deployment of traditional manual input may have negative
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impacts, such as poor usability, wrong data entry, and barriers
of integration. Most apps have no connectivity to the measuring
instruments; a possible reason for this may be the obsolete
mind-set of domestic app developers and instrument
manufacturers. When building their own products, their design
logic is purely app centric or device centric, rather than having
a holistic vision established over an interconnected
infrastructure. By contrast, as leading tech companies, Google
recently released Google Fit [44] and Apple released Health
Kit [45]; both of them leverage connectivity technologies to
simplify or automate the heath data-collection process. It is
quite obvious that market players are keen on adopting such
functionality in this domain. We believe a similar trend will
appear in the future in the Chinese market, but the questions
are just “when” and “how.”

End-to-End Data Synchronization Function
As shown in Table 2, only 15% (12/78) of the apps have the
end-to-end data synchronization function that allows the data
generated by devices to be transmitted and stored in the PHR
database, possibly via certain gateway device. Among these
15% apps (12/78), only 1 provides synchronization with a
third-party platform (the Microsoft Health Vault [46]); all others
connect to their own proprietary health portal.

Despite the benefits of PHR synchronization reported in some
studies [47,48], the adoption rate of such functionality is less
than what we initially expected, partially because of end-to-end
usability issues. Our interpretation of the possible reason is that
gateway device vendors are quite dominant in the current
Chinese ICT market (including the ecosystem of ICT-powered
SMBG), and the app vendors mainly focus on the data
synchronization with the gateway device, rather than on the
cloud platform. Such strategy helps them to quickly build a
relationship with gateway device vendors, and start to share the
revenue in the near future; however, this may not be an optimal
strategy in the long run, because the service providers are likely
to be situated behind the cloud. Without the service providers,
the ICT-powered SMBG implementations will become much
less attractive to the users. To improve the aforementioned
usability issue, joint effort from all the stakeholders (operators,
integrators, medical device manufacturers, app developers,
health care providers, etc) must be in place to establish a data
synchronization channel.

Standardized Data Structure
Among all the portals we have studied, the core diabetes-related
data structures are proprietary. None of them is consistent with
the data structure suggested by the aforementioned referenced
data standards. In this situation, such portals could not be
integrated into arbitrary HISs in a massive scale, and thus, these
data cannot be exchanged. As a result, most of the portals have
only minimal dataset, which is insufficient to support the
decision making of clinicians. Luckily, the MoH has noticed
this gap, and has begun to tackle it. We expect to see the first
wave of standards released within 3-4 years.

Social Media
Findings from this study suggest that only 38% (30/78; Table
2) of apps contain social media functionality. Most apps that

include social media support only provide data-sharing interface
to the well-known Chinese social networking services such as
WeChat [49] and Weibo [50]. It is hard to see any other
interaction between the studied SMBG apps and the linked
social networking services. We have also noticed that it is not
easy to share graphs and data via the studied SMBG apps with
friends or relatives in social networks.

However, we still consider the availability of this functionality
as a positive sign, because the psychological motivation coming
from others is a good stimulator for patient’s self-management.
For example, Chen [51] reported the importance of social
aspects and experience sharing among people with diabetes. It
is interesting to find that the social media functionality available
in these studied apps is not listed in Table 1, that is, it is not
included in the current clinical guidelines. We are eager to see
how and when such innovative functionality coming from the
ICT world could someday result in a change in the traditional
clinical world.

Analysis of Patents
According to our study, glucose measuring module, mobile
terminal, and remote server contained in most patents constitute
the general technical architecture of the end-to-end and
closed-loop SMBG systems.

Because inventors often focus sharply on the innovative
contents, most patents in our study did not necessarily contain
all the SMBG functions defined by referenced standards. The
claims of most patents just introduce some common
functionalities of the SMBG system. The social media
functionality is also found in the contents of studied patents,
which is not included in Table 1.

Comparison Between the Studied Patents and Apps
Although many of the functionalities identified in this study
were found to be common in app and patents, functionalities
such as “interface to the HIS” and “recording personal
information” have been found to be missing in many apps.
Figure 6 shows the distribution of functionalities in the studied
apps and patents.

This finding suggests that when writing the patents, the big
picture of end-to-end SMBG system is considered; however,
when it comes to implementation, only practically feasible
requirements are considered due to many practical difficulties
(eg, the connectivity interface between the hospital and apps).
At present, regulators in both MoH and CFDA have not yet
realized the potential operational and security risks caused by
ICT-powered SMBG systems, and thus, no regulatory policy
includes any holistic requirement taking the end-to-end scenario
into consideration. However, by judging the recent policy
developments in the European Union and the United States, we
believe the situation will be changed soon in China.

Compared with the patents (N=33), less portion of apps (n=10)
contains the data transmission function. This is because writing
a patent does not require any actual implementation of
functionality. By contrast, app developers have to prioritize
their tasks according to reality. They tend to implement any
functionality that is feasible to be implemented at that moment.
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In particular, for implementing the data transmission function,
the developers may confront difficulties in engaging its supplier,

interfacing with peer device, and the corresponding development
cycle might be lengthy and costly.

Figure 6. Common features identified in applications and in patents.

Limitations
Many of the apps found in the online stores were not available
for installation. As a result, some of the functionalities were
recorded only from the verbal description or from published
articles. Often there are discrepancies between the text
description and the actual features, and some functionalities are
not apparent until the app is installed and tested.

Another limitation may be that only patents in Chinese were
included in this study. In fact, many scholars and manufactures
in China file their patents internationally. These international
patents have not been searched in our study.

This study only focused on the functionality of apps and patents
in Chinese. The clinical efficiency and cost efficiency, however,
are not evaluated. We will address these limitations in our future
study.

Conclusions
In this article, we reviewed the ICT-powered SMBG systems
in PR China. We reviewed 289 apps and 8070 patents.
Eventually, 78 apps and 39 patents were analyzed and compared
in multiple aspects, including innovative functionalities, defects,
prospects, conformance to data standards, conformance to
clinical guidelines, etc.

The main finding is that the apps still have some missing links,
including the connectivity, the end-to-end data synchronization
function, and the standardized data structure. The other major
finding of this study is that the glucose measuring module,
mobile terminal, and remote server contained in most patents
constitute the general technical architecture of the end-to-end
and closed-loop SMBG systems. The other difference between
the patents and apps is that a couple of features—“interface to
the HIS” and “record of personal information”—mentioned in
the patents do not appear in the apps. It is also interesting to
find that the social media feature that the apps and patents have
is not included in the standard requirements list. In the future,
the clinical guidelines can be further developed to leverage new
features provided by ICT-powered SMBG apps.

The findings provide insights into the design and development
of the ICT-powered diabetes self-management system to assist
patients suffering from diabetes. Hence, to be able to come up
with a good design of a diabetes support tool, all the
aforementioned features have to be incorporated into a single
app for good monitoring, better follow-up by health care
professionals, and better lifestyle management for patients with
diabetes.
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Abstract

Background: Approximately 21% of the US population speaks a language other than English at home; many of these individuals
cannot effectively communicate in English. Hispanic and Chinese Americans, in particular, are the two largest minority groups
having low health literacy in the United States. Fortunately, machine-generated translations represent a novel tool that non-English
speakers can use to receive and relay health education information when human interpreters are not available.

Objective: The purpose of this study was to evaluate the accuracy of the Google Translate website when translating health
information from English to Spanish and English to Chinese.

Methods: The pamphlet, “You are the heart of your family…take care of it,” is a health education sheet for diabetes patients
that outlines six tips for behavior change. Two professional translators translated the original English sentences into Spanish and
Chinese. We recruited 6 certified translators (3 Spanish and 3 Chinese) to conduct blinded evaluations of the following versions:
(1) sentences translated by Google Translate, and (2) sentences translated by a professional human translator. Evaluators rated
the sentences on four scales: fluency, adequacy, meaning, and severity. We performed descriptive analysis to examine differences
between these two versions.

Results: Cronbach's alpha values exhibited high degrees of agreement on the rating outcome of both evaluator groups: .919 for
the Spanish evaluators and .972 for the Chinese evaluators. The readability of the sentences in this study ranged from 2.8 to 9.0
(mean 5.4, SD 2.7). The correlation coefficients between the grade level and translation accuracy for all sentences translated by
Google were negative (eg, rMeaning=-.660), which indicates that Google provided accurate translation for simple sentences.
However, the likelihood of incorrect translation increased when the original English sentences required higher grade levels to
comprehend. The Chinese human translator provided more accurate translation compared to Google. The Spanish human translator,
on the other hand, did not provide a significantly better translation compared to Google.

Conclusion: Google produced a more accurate translation from English to Spanish than English to Chinese. Some sentences
translated by Google from English to Chinese exhibit the potential to result in delayed patient care. We recommend continuous
training and credential practice standards for professional medical translators to enhance patient safety as well as providing health
education information in multiple languages.

(JMIR Diabetes 2016;1(1):e3)   doi:10.2196/diabetes.5848
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Introduction

Health promotion and education material from health
organizations, as well as mass media, are primarily written and
delivered in English. While public health professionals are
working to produce more health content and material in other
languages, current availability remains limited [1,2]. For patients
and caregivers with limited English proficiency (LEP), this lack
of health information in their native language can be especially
burdensome and represents an important public health issue.

LEP individuals, defined as any person age 5 and older who
speaks English “less than very well” [3], represent a vulnerable
population that experiences significant health disparities in the
United States [4]. Compared to the native English-speaking
population, LEP individuals are less likely to receive and
understand health information or correctly interpret health
education messages [5].

As a result of their lack of comprehension and/or
misinterpretation, LEP individuals (1) spend extra time and
money seeking and using health care services, (2) have
unsatisfactory experiences with health care providers, (3) make
inappropriate health decisions, (4) have limited access and use
of preventive health care services, (5) are more challenging to
recruit into health education programs, (6) take incorrect dosages
of medication, and (7) have worse health status [6-11]. These
issues become increasingly important to address as the LEP
population in the United States continues to steadily grow.
According to the US Census Bureau, approximately 21% of the
US population (60.6 million) speaks a language other than
English at home [12]. Moreover, among foreign-born US adults,
nearly three out of four speak limited English or do not speak
English at all [13].

Machine-generated translations represent a novel tool that
non-English speakers can use to receive and relay health
education information when human interpreters are not
available. With the proliferation of online technology, 87% of
US adults had access to the Internet in 2014, compared to 43%
in 2000 [14]. Moreover, the Internet is becoming increasingly
prevalent among minority populations [15]. Perry and
Mittelmark [16] contend that digital translation tools “offer
substantial time and cost saving…can thus be used not only to
immediately collect information when the content is not
translated, but also to immediately deliver information generated
in one language to speakers of other languages” (p. 199).
However, miscommunication through translation is possible
given that words often have different meanings depending on
the context in which they are used [16].

Khanna et al [17] compared English-to-Spanish translation
accuracy between Google and human translators for patient
education texts, reporting that Google Translate made more
errors than human translators and people preferred the human
translation for complex sentences. Similarly, Sharif and Tse
[18] reported an overall 50% error rate for medicine labels

translated from English to Spanish by computer programs.
Google Translate has also exhibited a high rate of translation
errors when translating content on state and national public
health websites from English to Chinese [19]. However, to date,
we are unaware of any studies evaluating the outputs of a
machine translation tool when translating from English to
multiple languages drawn from health education material on
diabetes. Therefore, it is critical to identify and evaluate
available translation tools for helping LEP speakers of different
languages understand English health education material.

The purpose of this pilot study was to evaluate the feasibility
and accuracy of the Google Translate website as a tool to help
LEP persons understand chronic condition management and
prevention strategies. Specifically, Google Translate was used
for translating a diabetes patient education pamphlet, distributed
by the National Diabetes Education program, from English to
Spanish and English to Chinese (Mandarin). We chose to focus
on Spanish and Chinese for several reasons. First, Spanish and
Chinese speakers are more likely to have limited English
proficiency. In the United States, approximately 47% of the
foreign-born population from Mexico speaks English “not well”
or “not at all,” and 32% of the foreign-born population from
China speaks English “not well” or “not at all” [13]. Second,
among the LEP population, Chinese (68%) respondents exhibit
low health literacy, followed by Latinos (45%) [20]. Third, the
prevalence of diabetes is rapidly increasing among Hispanic
and Chinese Americans [21]. The following research questions
guided this investigation:

1. What is the accuracy of Google translations of written
sentences from English to Spanish, when compared to
professional human translators?

2. What is the accuracy of Google translations of written
sentences from English to Chinese, when compared to
professional human translators?

3. Can Google Translate be a safe and accurate alternative to
human interpreters for providing translation services on health
education materials to LEP patients?

Methods

Materials to be Translated
We chose a freely accessible diabetes patient education pamphlet
as a heuristic example for evaluating the accuracy of machine
translation devices. The pamphlet, “You are the heart of your
family…take care of it,” is published by the National Institutes
of Health and the Centers for Disease Control and Prevention
and distributed by the National Diabetes Education Program.
This pamphlet includes six written sentences as behavior change
suggestions for managing diabetes and three recommended
questions for patients to ask their clinicians. This paper examines
the accuracy of Google Translate when translating the six written
diabetes prevention and management strategies to determine
the differences between machine and human translators, which
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could be used to direct further research. This study was approved
by the Texas A&M University Institutional Review Board.

Procedures
Following are the overall procedures (see Figure 1) used
throughout this investigation.

Figure 1. Study procedure.

Step 1. Google Translate
We used Google Translate, a free language translation website
that instantly translates text and Web pages, to translate the six
sentences from English into both Spanish and Chinese.

Step 2. Human Translate
Two professional medical translators translated the original
English pamphlet into Spanish and Chinese, respectively. Both
were American Translators Association (ATA) certified
translators (one certified in English to Spanish and the other in
English to Chinese). The ATA website lists all the certified
translators’contact information. We approached both translators
as regular customers seeking translation services. We did not
inform them that their translation product would be evaluated.
We sent the original English materials to them by email; they
returned the translated sentences in Microsoft Word to us by
email. All human translation services were paid for based on
quotes provided by the individual translators.

Step 3. Evaluation
After having the materials translated, we separately recruited 6
ATA-certified translators to evaluate the two translation versions
(one by Google Translate and the other one by professional
human translators). The two translators who provided the human
translation versions did not serve as evaluators, nor were they
aware we would have evaluators evaluate their translations.
Evaluators were also approached via email. We randomly sent
invitation emails to 12 English-Spanish translators and 12
English-Chinese translators. We emailed the survey package to
the first 6 translators (3 Spanish and 3 Chinese respectively)
who accepted our study invitation. They became the evaluators
for this study. Each evaluator received US $15 after submitting
the evaluation survey package via email.

Survey Package
To minimize bias, we did not inform the evaluators which
version was created by a human or a machine; instead, we
marked the products as version 1 (sentences translated by
Google) and version 2 (sentences translated by a human). The
survey package contained three separate Microsoft Word
documents: (1) an evaluation rubric, (2) translation version 1,
and (3) translation version 2. Both versions consisted of six
written sentences with the original English sentences listed first,
followed by the translated sentences (Spanish or Chinese). We
asked the evaluators to score each of the translated sentences
based on the included evaluation rubric.

Evaluation Rubric
Our evaluation rubric, which was adapted from Khana et al
[17], asked evaluators to rate the translation sentences based on
Fluency, Adequacy, Meaning, and Severity on a 5-point scale
(1 indicating low accuracy and 5 indicating high accuracy). The
Fluency and Adequacy evaluations are standard domains for
assessing machine translation accuracy [22]. The Fluency
domain evaluated readability, grammar, and understandability.
The Adequacy domain evaluated how much of the original
information had been preserved. The Meaning domain assessed
whether the translation product had the same meaning as the
original sentence. If a translation product added extra
information, it could still receive a high Adequacy score as long
as it included all the original information. The Meaning score,
however, could identify misleading added information [23].
The evaluators also rated the Severity domain, which provided
insight into the degree of negative impact on the patient’s health
outcome. The detailed evaluation rubric (see Table 1) defined
the different categories for each domain.
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Table 1. Evaluation rubric.

SeverityMeaningAdequacyFluency

Dangerous to patientTotally different meaning from the
original

0% of information conveyed from
the original

No fluency; no appreciable gram-
mar, not understandable

1

Impairs care in some wayMisleading information
added/omitted compared to the
original

25% of information conveyed from
the original

Marginal fluency; several grammat-
ical errors

2

Delays necessary carePartially the same meaning as the
original

50% of information conveyed from
the original

Good fluency; several grammatical
errors, understandable

3

Unclear effect on patient careAlmost the same meaning as the
original

75% of information conveyed from
the original

Excellent fluency; few grammatical
errors

4

No effect on patient careSame meaning as the original100% of information conveyed from
the original

Perfect fluency; like reading a
newspaper

5

Data Analysis
We used Cronbach's alpha to assess the degree of agreement
among the evaluators. We calculated two sets of means to
represent the scores in each of the four domains (ie, Fluency,
Adequacy, Meaning, and Severity) from the Chinese and
Spanish evaluator groups. We performed descriptive analysis
to capture the trend of change from sentence to sentence.
Pearson correlation coefficients were also reported to examine
the relationship between translation accuracy and the readability
of the original English sentences. The readability statistics were
generated using Microsoft Word’s Flesch-Kincaid Grade Level,
which assesses the degree of difficulty for readers to understand
a certain sentence or paragraph [24].

To examine the correlational patterns in the data, we considered
using multivariate analysis of variance (MANOVA) for
investigating whether there was a statistically significant
difference between Google and the professional translators with
regard to the translation accuracy. MANOVA allows for the
comparison of two groups on these four translation accuracy
domains simultaneously [25]. However, P values are closely
dependent on sample size [26]. Thus, such significance testing
is not appropriate in this study due to our small sample size

(N=6) and the violation of MANOVA assumptions (eg,
normality and homogeneity of variance). Therefore, instead of
conducting MANOVA, we presented two sets of graphs to
visually compare the translation accuracy between Google and
human.

Results

Inter-rater Reliability
Cronbach's alpha was used to assess the rating reliability across
each evaluator. Cronbach's alpha values exhibited high degrees
of agreement on the rating outcome of both evaluator groups:
.919 for the Spanish evaluators and .972 for the Chinese
evaluators.

Grade Level and Correlations With Accuracy Scores
Table 2 shows the Flesch-Kincaid Grade Level for all six
original English sentences. The Flesch-Kincaid readability test
rates text on a US school grade level [24]. The readability of
the sentences in this study ranged from 2.8 to 9.0 (mean 5.4,
SD 2.7). Shorter sentences with simpler vocabulary received
lower scores (eg, grade level=2.9 for S4), and longer sentences
containing more medical terms received higher scores (eg, grade
level=9.0 for S6).

Table 2. Flesch-Kincaid grade level.

Flesch-Kincaid
grade level

Original sentences

3.7S1. Eat more fruits, vegetables, beans, and whole grains.

4.8S2. Eat tasty foods that have less salt, saturated fat, and trans fat.

8.5S3. Get at least 30 minutes of physical activity on most days or every day. Physical activity helps you keep a healthy weight.

2.8S4. Stop smoking.

3.7S5. Take medicines the way your doctor tells you.

9.0S6. Ask your doctor about taking medicine to protect your heart, such as aspirin or a statin.

5.4 (2.7)Mean (SD)

The higher grade level indicates that the text is more difficult
for readers to understand. As shown in Table 3, the correlation
coefficients between the grade level and translation accuracy
for all sentences translated by Google (both Spanish and
Chinese) were negative. None of the correlation coefficients

was statistically significant at alpha <.05 level due to the small
sample size in our study (N=6). However, these negative
associations were relatively strong, especially among the
Chinese Google group (eg, rMeaning=-.660). For the sentences
translated by the professional human translators, there was only
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one negative correlation between grade level and translation
accuracy scores (rFluency=-.447). The correlation coefficients
between the grade level and translation accuracy scores show
that Google provides more accurate translation for easier

sentences but produces more translation errors for more complex
sentences. However, the accuracy scores of translated sentences
provided by human translators had no strong negative
associations with the readability level of the sentences.

Table 3. Correlations between grade level and translation accuracy.

Flesch-Kincaid grade levelDomains

ChineseSpanish

HumanGoogleHumanGoogle

.679-.373-.447-.374Fluency

.481-.371.120-.162Adequacy

.481-.660.207-.259Meaning

a-.469.341-.097Severity

aCorrelation coefficient cannot be computed because all sentences translated by the Chinese human translator had a constant severity score (Severity=5).

Spanish Translation: Google Versus Human
As shown in Table 4, in the Fluency domain, all sentences
translated by Google had at least good fluency (Fluency≥3). All
sentences translated by the Spanish human translator had
excellent or perfect fluency.

In the Adequacy domain, most sentences from both versions
conveyed more than 75% of the original information. One
sentence translated by the Spanish human translator (S5)
conveyed 50% of the original information (Adequacy=3).

In the Meaning domain, similarly, all sentences from both
versions had almost the same meaning as the original
information. However, S5 translated by the Spanish human
translators had partially the same meaning as the original
sentence (Meaning=3).

In the Severity domain, all evaluators agreed that S5 translated
by Google had an unclear effect on patient care (Severity=4).
That same sentence translated by the Spanish human translator
delayed necessary patient care (Severity=3).

Table 4. Spanish Google versus human.

HumanGoogleOriginal sen-
tences

SeverityMeaningAdequacyFluencySeverityMeaningAdequacyFluency

S1. Eat more fruits, vegetables, beans, and whole grains.

54.6754.335554.67

S2. Eat tasty foods that have less salt, saturated fat, and trans fat.

4.674.674.674.6754.334.673

S3. Get at least 30 minutes of physical activity on most days or every day. Physical activity helps you keep a healthy weight.

54.6754.674.6744.333

S4. Stop smoking.

55555555

S5. Take medicines the way your doctor tells you.

3334.6744.334.334.33

S6. Ask your doctor about taking medicine to protect your heart, such as aspirin or a statin.

54.674.334.334.67554.67

Chinese Translation: Google Versus Human
As shown in Table 5, in the Fluency domain, S2, S3, and S5
translated by Google had marginal or no fluency (Fluency≤2).
Every evaluator agreed that S5 was not understandable. All
sentences translated by the Chinese human translator had
excellent or perfect fluency.

In the Adequacy domain, S5 translated by Google conveyed
less than 50% of the original information (Adequacy<3). All

sentences translated by the Chinese human translator conveyed
almost 100% of the original information.

In the Meaning domain, S3 and S5 translated by Google had
less than partially the same meaning as the original information
(Meaning<3). All sentences translated by the Chinese human
translator had the same or almost the same meaning as the
original ones.
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In the Severity domain, S5 and S6 translated by Google delayed
necessary care for patients (Severity<3). All sentences translated

by the Chinese human translator had no effect on patient care
(Severity = 5).

Table 5. Chinese Google versus human.

HumanGoogleOriginal sen-
tences

SeverityMeaningAdequacyFluencySeverityMeaningAdequacyFluency

S1. Eat more fruits, vegetables, beans, and whole grains.

555554.6754.67

S2. Eat tasty foods that have less salt, saturated fat, and trans fat.

5554.674.673.674.332

S3. Get at least 30 minutes of physical activity on most days or every day. Physical activity helps you keep a healthy weight.

555542.673.671.67

S4. Stop smoking.

54.674.674.675555

S5. Take medicines the way your doctor tells you.

5554.672.332.672.671

S6. Ask your doctor about taking medicine to protect your heart, such as aspirin or a statin.

55552.3333.673

Visually Comparing Google and Human Versions
As shown in Figures 2 and 3, to better compare and capture the
trends among sentences with regard to the accuracy scores on
four domains, we ranked the sentences according to their grade
levels—presenting the easiest sentence (S4) first and the most
difficult sentence (S6) last. As shown in Figure 2, when
sentences were translated from English to Spanish, S2 and S3
(more difficult sentences) had a considerable difference between
Google and human in the Fluency domain, where the human
translator did much better than Google. For the relatively easy
sentences (S4 and S1), there was not much difference between
Google and human in any of the four domains. Interestingly,
there was not much difference for the most difficult sentence
(S6) either. We also noticed some obvious gaps for S5 (medium

difficult sentence) in the Adequacy, Meaning, and Severity
domains, where Google received a higher translation accuracy
(English to Spanish) than the human translator did. As shown
in Figure 3, when sentences were translated from English to
Chinese, S5, S2, S3, and S6 (more difficult sentences) had a
considerable difference between Google and human in all four
domains, where the human did much better than Google (except
S2 in the Severity domain). Similar to what we found in the
Spanish set, there was not much difference between Google and
human in all domains for the easier sentences (S4 and S1). When
comparing between Figures 2 and 3, results showed that the
general distance between Google and human for Chinese is
larger than Spanish, indicating that Google provided higher
accuracy translation service in Spanish than in Chinese.
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Figure 2. Spanish Google versus human.

Figure 3. Chinese Google versus human.

Discussion

Principal Findings
This pilot study evaluated the accuracy of Google Translate
when translating diabetes patient education materials from
English to Spanish and English to Chinese. We found that
Google provided accurate translation for simple sentences, but
the likelihood of incorrect translation increased when the
original English sentences required higher grade levels to
comprehend. For example, the most simple sentence in our
study (“Stop smoking”) translated by Google received full scores
on every domain for both languages, while Google received

lower scores on more difficult sentences (eg, S5 and S6) for
both languages. The Chinese human translator provided much
more accurate translation than Google did. The Spanish human
translator, on the other hand, did not provide a significantly
better translation compared to Google. Additionally, we
identified some sentences translated by Google from English
to Chinese that might lead to delayed patient care. Similarly,
one sentence translated by the professional human translator
from English to Spanish could also have a negative impact on
patients. The results demonstrate that Google is capable of
producing a more accurate translation from English to Spanish
than English to Chinese.
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Google provided more accurate translations for sentences with
lower readability levels but made more translation errors on
sentences with higher readability levels, especially when
translating sentences from English to Chinese. Although we did
not find any statistically significant correlation between
readability and translation accuracy due to our small sample
size, our findings seem to be consistent with previous
investigations that document a significant negative correlation
between sentence length and translation accuracy (r=-.4393,
P<.05), indicating that the machine was less likely to provide
correct translation for longer sentences [27].

Google yielded high error rates when translating English
sentences to Chinese. We identified several problematic
sentences. S2 and S3 translated by Google from English to
Chinese had marginal fluency with several grammatical errors,
but the evaluators were able to make enough sense of them to
get a meaning close to the original sentences. Thus, these two
sentences did not have much negative impact on patient care.
However, S5 (“Take medicines the way your doctor tells you”)
translated by Google from English to Chinese had no fluency
and was not understandable. After translation, this sentence in
Chinese did not make sense to the evaluators. Therefore, this
sentence might cause delayed patient care. Likewise, S6 (“Ask
your doctor about taking medicine to protect your heart, such
as aspirin or a statin”) translated by Google from English to
Chinese added misleading information into the original sentence
by translating it as “Ask your doctor about taking Chinese
medicine to protect your heart, such as aspirin or a statin.”

Compared to Chinese, Google provided noticeably higher
accuracy when translating sentences from English to Spanish.
All the Spanish sentences conveyed more than 75% of the
original information and had almost the same meaning as the
original sentences. Moreover, none of them had a severe impact
on patient care (Severity≥4.67). Consistent with our findings,
Zeng-Treitler et al [27] also found that Spanish machine
translation had higher accuracy than other languages: Spanish
had 33.8% correctness compared to the correctness of Chinese,
Russian, and Korean, which ranged from 7.98% to 11.74%.

Zeng-Treitler et al [27] contend that “one possible explanation
for this may well lie in the fact that English and Spanish are
more similar (eg, word order, inflections) than English and
Chinese, Korean or Russian” (p. 76).

The Chinese human translator provided much more accurate
translation than Google; however, the Spanish human translator
did not provide a significantly better translation than Google.
In contrast to our findings, Khanna et al [17] reported that
Google made more errors than human translators when
translating patient education materials from English to Spanish.
Zeng-Treitler et al [27] concluded that Babelfish was not a good
machine translation tool because of its high percentage of
inaccuracy.

We identified one problematic sentence (S5 “Take medicines
the way your doctor tells you”); the translation by the Spanish
human translator might cause delayed patient care. This sentence
was also problematic when translated by Google from English
to Chinese. It conveyed half of the original information and
partially the same meaning as the original sentence. The Spanish
human translator twisted the meaning of the original English
sentence by creating a Spanish sentence saying “Tome las
medicinas recetadas por su médico,” meaning “Take the
medicine prescribed by your doctor.” Such incorrect translation
provided by the Spanish human translator might lead to delayed
necessary patient care.

We also wish to highlight that in some cases professional human
translators might also make severe errors that negatively impact
patients’ health compared to machine translation tools. Flores
et al [28] contend that the most common types of mistake by
human interpreters, which could potentially cause medical
accidents, include omission, false fluency, substitution,
editorialization, and addition. For this reason, we recommend
continuous training and credential practice standards for
professional medical translators to enhance patient safety. For
example, Michael et al [29] developed a translation standard to
guide the language-translating process for health education
information (see Textbox 1) with 10 key components (p. 550).

Textbox 1. Translation standard with 10 key components.

1. Develop the English text and/or test the translation with members of the target LOTE (a language other than English)-speaking community.

2. Undertake a cultural and linguistic assessment of the English text in preparation for its translation.

3. Undertake a subject matter expert assessment of the English text as appropriate.

4. Organize for the English text to be translated by a professional translator.

5. Undertake a cultural and linguistic assessment of the translation.

6. Organize for the translation to be proofread by a professional translator.

7. Include the title of the text in English on the translation.

8. Include the name of the target language in English, on both the English text and the translation.

9. Distribute the translation in bilingual format—English and LOTE.

10. Date, monitor, evaluate, and update the English text and the translation as part of an ongoing review program.

In addition to ensuring human translation accuracy,
improvements to machine translation tools are also necessary
prior to use by patients and health care providers. Health
educators should make efforts to achieve higher translation

accuracy for machine tools and ultimately make sure health
education information is not misinterpreted and necessary care
not delayed. Mismatches between the vocabulary bank in
machine translation systems and the terminologies used in the
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original language texts are common sources of machine
translation errors [30]. Developing a universal code system for
machine translation can improve language translation accuracy
[31]. Therefore, we call for collaborations between computer
science engineers and public health/health education
professionals to work on this language translation technique,
which could assist LEP populations better understand health
information.

Furthermore, health education information should be written in
multiple languages other than English and Spanish. In one study,
Becker [1] examined 125 websites that provided health
information in the United States and reported that only 10% of
the state sites provided Spanish versions. Moreover, these
Spanish webpages contained many English texts such as Web
link buttons labeled in English. Most health institutions do not
provide information in multiple languages besides English on
their websites, but Internet users prefer searching for health
information using local languages instead of English.
Immigrants in particular prefer seeking and reading health
information in their native languages rather than the languages
of the adopted country [32].

Limitations
Our study has three limitations that should be noted. First, we
recruited ATA-certified translators as evaluators who, because
of their professional training, had more credibility for
scientifically evaluating translation accuracy than
non-professional bilinguals such as graduate students.
Translators also have different translation styles and knowledge
of second language audiences. The selection of certified
translators might cause measurement bias because these
professional translators are different from general LEP patients.

For instance, compared to LEP patients, certified translators are
bilingual, well-educated, and have higher literacy levels. Thus,
sentences that are understandable to them might not be
understandable to LEP patients. Future research might recruit
LEP participants to evaluate these translation products, and
researchers might conduct cognitive interviews while
participants read these sentences. Second, our study mainly
focused on describing the translated products from a technical
perspective instead of assessing message consumers’experience
from a user perspective. Testing LEP diabetes patients’
knowledge and behavior change after using Google Translate
to process health education messages is another direction for
future study. Finally, our study sample size was small. We
evaluated six original English sentences and recruited 6
evaluators, which had less power for generalizability.
Researchers should include a large sample of original sentences
and evaluators for future study.

Conclusions
Notwithstanding these limitations, this investigation provides
important contributions to the ever-growing literature base
examining the effectiveness of machine translation tools. In
particular, our findings highlight that as sentences become more
complex in health information and require higher levels of
reading ability, the likelihood of machine translation tools
making errors increases. As shown in the paper, these errors
have the potential to negatively impact patient health behaviors.
Given that medical or health advice is not always delivered in
short, easy-to-understand sentences, such as those at a 2.8 grade
reading level (eg, “Stop smoking”), it is imperative that future
investigations continue to examine the real-world application
of machine translation tools and their associated impact on
patient and population health.
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