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Abstract
Background: Diabetes is common and an economic burden in the United States. In this study, a machine
learning predictive model was developed to predict unplanned medical visits among patients with
diabetes.

Methods: Data were drawn from electronic medical records (EMRs) from a large healthcare organization
in the Northern Plans region of the US, from adult (≥18 years old) patients with type 1 or type 2 diabetes
who received care at least once during the 3 year period. A variety of machine-learning classi�cation
models were run using standard EMR variables as predictors (age, body mass index (BMI), Systolic blood
pressure (BP), Diastolic BP, low-density lipoprotein (LDL), high-density lipoprotein (HDL), glycohemoglobin
(A1C), smoking status, number of diagnoses and number of prescriptions). The best-performing model
after cross-validation testing was analyzed to identify strongest predictors.

Results: The best-performing model was a radial-basis support vector machine, which achieved a
prediction accuracy (average of sensitivity and speci�city) of 66.2%. This outperformed a conventional
logistic regression by 1.5 percentage points. High BP and low HDL were identi�ed as the strongest
predictors, such that eliminating these from the model decreased its overall prediction accuracy by 1.9
and 1.8 percentage points, respectively.

Conclusion: Our machine-learning predictive model more accurately predicted unplanned medical visits
among patients with diabetes, relative to conventional models. Post-hoc analysis of the model was used
for hypothesis generation, namely that HDL and BP are the strongest contributors to unplanned medical
visits among patients with diabetes. In this way, this predictive model can be used in moving from
prediction to implementation and improved diabetes care management in clinical settings.

Introduction
There are approximately 1.5 million new diabetes diagnoses among people 18 years and over every year,
and in 2018, approximately 34.2 million persons (10.5%) in the US had diabetes.(1) In 2017, 83,564
deaths were attributed to diabetes in the United States, and diabetes is the 7th leading cause of death in
the United States (25.7 deaths per 100,000 population).(1)

Diabetes imposes signi�cant healthcare utilization and costs.(2) Americans with diabetes in 2017 spent
approximately $16,700 annually in health care costs, 2.3 times higher than those without diabetes.(3)
Total costs of diabetes in 2017 were $327 billion annually, of which $237 billion were in direct medical
costs.(3) In addition, there is a positive relationship between lack of health insurance and prevalence of
diagnosed diabetes, exacerbating the risks for uninsured Americans.(4) By 2034, the population with
diabetes is expected to increase by 100% and the cost is expected to increase by 53%.(5)

Patients with diabetes generally have increased healthcare utilization, including clinic visits, outpatient
departments, and emergency departments, compared to those without diabetes.(3, 6) The 2011 National
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Health Interview Survey Diabetes revealed that 30% of diabetic patients had at least one emergency
department visit within the last year, compared to only 20% of the general population.(6) The majority of
emergency department visits among patients with diabetes are likely related to acute glycemic
complications (hyperglycemia and hypoglycemia);(6) however, most adults with diabetes have at least
one comorbid chronic condition(7) which could contribute to these visits as well.

Additionally, social and behavioral factors are associated with unplanned medical visits among the
population of patients with diabetes. Lower socioeconomic status, longer disease duration, disease
severity, and co-morbid depression are all signi�cant determinants of unplanned medical visits and
hospitalizations.(8) More precisely, patients with diabetes with very high current depressive symptoms
were two times more likely to have an unplanned emergency department visit, and patients who were
diagnosed more than 10 years ago were 1.3 times more likely of an unplanned emergency visit.(8)
Additionally, cigarette smoking is associated with a greater likelihood of unplanned medical visits.(9)
However, unplanned visits remain a high-impact problem for patients and healthcare systems alike,
highlighting the need for improved prediction models that can be implemented clinically.

Because of the increased risks and associated costs for patients with diabetes, there is a signi�cant need
to improve prediction capabilities aimed at reducing unplanned medical visits for this group of patients. A
majority of medical risk prediction models have been developed using stepwise logistic regression, while
machine learning classi�cation methods have been largely unexplored.(10) Machine learning methods
offer the additional possibility to improve prediction based on pattern detection of many variables
simultaneously, as has been shown in applications on predicting(11) and compliance with dietary
recommendations,(12) predicting metabolic syndrome from physical characteristics and lab results,(13)
identifying binge drinkers from parenting variables(14) and drinking motives,(15) and predicting high
blood pressure using body measures.(16) The current study utilizes electronic medical record (EMR) data
from a large healthcare system, and develops a machine learning based predictive model to predict any
vs. no unplanned medical visits over a 3-year period among adult patients with diabetes.

Methods
Sample

Data were obtained from electronic medical records (EMRs) in Epic from Sanford Health, a not-for-pro�t
rural healthcare system that primarily serves South Dakota, North Dakota, Northern & Southwest
Minnesota, Northwest Iowa, and parts of Nebraska. Sanford Health includes roughly 44 hospitals 1,382
physicians and 9,703 nurses delivering care in more than 80 specialty areas. All data were de-identi�ed
according to the Health Insurance Portability and Accountability Act HIPAA de-identi�cation method Safe
Harbor § 164.514(b)(2). The dataset included records from all patients who visited a Sanford healthcare
facility between January 1, 2014 and December 30, 2016 (N=1,143,028). Only adult patients (age≥18;
N=875,168) with a diagnosis of diabetes (ICD-10 codes E10.xx and E11.xx; N=67,575) were included in
the current study. Further, only patients who reported a residential zip code in Minnesota (MN), North
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Dakota (ND), or South Dakota (SD) were included in the current study (N=63,781), due to low sample
sizes in other states. Finally, patients who had missing data on the outcome variable of unplanned
medical visits or any of the predictor variables were excluded, for a �nal sample size of N=43,831.

Measures

The outcome was any vs. no unplanned medical visits during the 3-year period over which EMR data were
collected. This was derived from four separate variables: emergency department visits, hospitalizations,
hospital observations, and urgent care visits. All four types of visits were summed and dichotomized at
≥1 vs. 0 unplanned medical visits.

Predictor variables included all numeric variables that were common and readily available in Sanford’s
EMR’s. Ten variables were selected and are described in detail below.

Age was measured in years at time of initial analyses (12/1/2016).

Body mass index (BMI) was obtained from EMR’s as kg/m2. Extreme values (<15 or >60) were assumed
to be errors and were set to missing. Values from the most recent visit in the 3-year period were used.

Blood pressure (BP) was obtained in mm/Hg. Values from the most recent visit in the 3-year period were
used. Systolic BP and diastolic BP were included as two separate variables.

Serum cholesterol was obtained as both low-density lipoprotein (LDL) and high-density lipoprotein (HDL)
in mg/dL. Extreme values in HDL (<10 or >100) or LDL (<20 or >200) were assumed to be errors and were
set to missing. Values from the most recent laboratory result were used. LDL and HDL were analyzed as
two separate variables.

Glycohemoglobin (A1C) was measured from the most recent laboratory result. A1C values below 4 or
above 15 were assumed to be errors and were set to missing.

Ranked smoking status was obtained by patient self-report as a vital sign on their most recent visit. A
ranked variable was created as follows from the several possible response categories, with higher values
indicating more smoke exposure: never smoker (0), passive smoker (1), former smoker (2), current some
day smoker (3), current every day smoker, light tobacco smoker, or heavy tobacco smoker (4).

Number of diagnoses on “problem list” was derived from the most recently available list over the 3-year
period.

Number of prescriptions were aggregated over the 3-year period and was used as a numeric variable.

Analyses

Machine learning.
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All analyses predicted the unplanned medical visit status of each patient (i.e. which patients had at least
one vs. no unplanned medical visits in the 3-year period), and this classi�cation task was based on the 10
EMR variables above (age, BMI, BP, HDL and LDL cholesterol, A1C, ranked smoking status, number of
diagnoses on the patient’s “problem list,” and the number of prescriptions in the 3-year period). Three
types of machine learning were utilized: discriminant analysis (linear and quadratic), support vector
machines (SVM; linear basis and radial basis), and arti�cial neural nets (NN’s; single and double hidden
layer). R software (17) was used for all analyses, including the packages MASS for discriminant analysis,
(18) e1071 for SVM’s,(19) nnet for single-layer NN’s,(18) and deepnet four double-layer NN’s.(20) A
logistic regression was run for purposes of comparing machine learning results with conventional
prediction approaches.

Cross-validation testing.

Since classi�ers are susceptible to overtraining (i.e. when the classi�er can predict the training dataset
with high accuracy, but �ts noise and thus has not learned patterns that generalize to other datasets),
cross-validation testing is important to identify models that have identi�ed patterns that are truly
important in the prediction task. Cross-validation testing is performed by partitioning all available data
points into a training set and a testing set; the classi�er is trained on the data from the training set, and
the generalization of the prediction task learned by the classi�er is tested using the data from the testing
set. In particular for this study, repeated subsampling cross-validation was used by withholding a
randomly selected 10% of trials as the testing set, and iterating (with different random selections of the
testing set) 1000 times.

Both training accuracy (prediction accuracy on the testing dataset) and generalization accuracy
(prediction accuracy on the training set) were assessed using confusion matrices. SVM’s and NN’s were
optimized by running several iterations over different parameter values: for SVM, the cost parameter was
varied from 0.1-10, and for radial SVM the gamma parameter was varied from 0.001-0.5; for single-layer
NN’s, the size of the hidden layer was varied from 1-20, the number of training iterations was varied from
100-200, and the decay parameter was varied from 0-0.9; and for double-layer NN’s, the size of each
hidden layer was varied from 0-20, the learning rate was varied from 0-1, the momentum of the learning
rate was varied from 0-1, and the number of training iterations is varied from 10-20. For each classi�er,
the model with the highest generalization accuracy is reported. Since there are two possible categories,
chance performance is 50%. Accuracy vs. chance was measured using a binomial test of the success
rate out of the 1000 cross-validation iterations.

Sensitivity testing.

In order to derive clinical implications from the predictive model, it is valuable to know which variables are
most strongly predictive of unplanned medical visits. Although being important for prediction does not
necessarily indicate causality, many of the modi�able predictors (A1C, BMI, BP, cholesterol, smoking) do
have plausible causal effects on diabetes and its complications. If risky values of these modi�able
predictors are important for prediction (through a causal mechanism or an association), then removing
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risky values should disrupt prediction accuracy. Thus, in order to determine the modi�able variables that
are most strongly indicative of unplanned medical visits, a variant of sensitivity testing was performed:
for one variable at a time, the dataset was restricted to observations within the normal or healthy range,
and the disruption in the model’s generalization accuracy was assessed when predicting on this restricted
dataset. Restrictions to the normal/healthy range were based on current guidelines, namely BMI < 30,(21)
BP < 120/80,(22) ranked smoking status < 2 (indicating never smoker or former smoker), LDL < 130, HDL
> 50,(23) and A1C < 6.5.(24) Larger disruptions to the generalization accuracy as a result of restricting a
variable to a healthy range indicates a greater importance of that variable to the prediction task, and
potentially as a clinical target for intervention.

Results
Table 1 shows the characteristics of the sample, summarized by patients who did vs. did not have
unplanned medical visits during the 3-year period. Patients with at least one unplanned visit tended to be
slightly older (66 vs. 65 years old), rank higher on the smoking scale (2 vs. 1), have more diagnoses on
the problem list (4 vs. 3), and have lower HDL values (42 vs. 44), and have been prescribed considerably
more medications over the 3-year period (205 vs. 88) (all p < .05). The two groups had similar mean levels
of diastolic blood pressure, but those with at least one unplanned visit had a wider interquartile range
(IQR: 64–80 vs. 66–80). Similarly, the two groups had similar mean levels of A1C, but those with at least
one unplanned visit had a wider IQR (6.3–7.8 vs. 6.3–7.9). No signi�cant difference was observed for
BMI, systolic blood pressure or LDL cholesterol (p-value > 0.05).
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Table 1
Characteristics of patients with diabetes by unplanned visit status.

Predictor Variable No Unplanned Visits

(N = 18,771)

≥ 1 Unplanned Visits

(N = 25,060)

p-value

Age 65 (55–74) 66 (55–76) < .0001

BMI 32.3 (28.3–37.0) 32.2 (28.0–37.3) = .2454

Systolic BP 126.0 (118.0–134.0) 126.0 (116.0–136) = .0089

Diastolic BP 72.0 (66.0–80.0) 72.0 (64.0–80.0) < .0001

LDL cholesterol 85.0 (67.0–106.0) 84.0 (65.0–106.0) = .0053

HDL cholesterol 44.0 (37.0–53.0) 42.0 (35.0–52.0) < .0001

A1C 6.9 (6.3–7.8) 6.9 (6.3–7.9) = .0001

Ranked smoking status 1.0 (0.0–2.0) 2.0 (0.0–2.0) < .0001

Number of diagnoses on problem list 3.0 (2.0–4.0) 4.0 (3.0–6.0) < .0001

Number of prescriptions 88.0 (40.0–179.0) 205.0 (96.0–408.0) < .0001

Note. Variables are summarized as median (interquartile range). A1C: glycohemoglobin. BMI: body
mass index. BP: blood pressure. HDL: high-density lipoprotein. LDL: low-density lipoprotein. p-values
are based on t-tests. Bold: p < .05.

Table 2 shows the best-case instance of each classi�er in terms of generalization accuracy. Logistic
regression (bottom row) is intended as a comparison, as it only models main effects of each predictor
and does not contain any interaction terms. Logistic regression performed reasonably well, with a
sensitivity (true positive rate) of 70.2% and a speci�city (true negative rate) of 60.4%. Linear discriminant
analysis found the highest speci�city of all models (75.4%), but the sensitivity (51.0%) is barely above
chance performance; thus, this considered a low performing model, especially relative to logistic
regression, due to its inability to distinguish between classes. For similar reasons, quadratic discriminant
analysis also resulted in a low performing model, although in this case the sensitivity was high (82.5%)
and the speci�city was below chance (44.1%). Linear SVM and radial SVM were the only two models that
outperformed the logistic regression. Radial SVM found the most accurate overall prediction (average of
sensitivity and speci�city = 66.9%) with the sensitivity (67.8%) and speci�city (65.9%) both being
signi�cantly above chance. Single and double hidden layer neural networks were found to underperform
in comparison to logistic regression prediction accuracy.
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Table 2
Generalization accuracy of best-case classi�ers, presented as confusion matrices and average prediction

accuracy.
Classi�er Parameters   Predicted: No

Unplanned Visits
Predicted: ≥1
Unplanned Visit

Linear
discriminant
analysis

N/A Actual: No
Unplanned
Visits

75.4% 24.6%

Actual: ≥1
Unplanned Visit

49.0% 51.0%

Average 63.2%

Quadratic
discriminant
analysis

N/A Actual: No
Unplanned
Visits

44.1% 55.9%

Actual: ≥1
Unplanned Visit

17.5% 82.5%

Average 63.3%

Linear SVM Cost = 1 Actual: No
Unplanned
Visits

60.3% 39.7%

Actual: ≥1
Unplanned Visit

29.1% 70.9%

Average 65.6%

Radial SVM Cost = 1;

Gamma = 
0.007

Actual: No
Unplanned
Visits

65.9% 34.1%

Actual: ≥1
Unplanned Visit

32.2% 67.8%

Average 66.9%

Single hidden layer
NN

Hidden layer = 
10 nodes;

Iterations = 
200;

Decay = 0.2

Actual: No
Unplanned
Visits

65.7% 34.3%

Actual: ≥1
Unplanned Visit

38.9% 61.1%

Average 63.4%

Double hidden
layer NN

Hidden layers 
= 10 nodes;

Learning = 0.8;

Momentum = 
0.5;

Actual: No
Unplanned
Visits

62.4% 37.6%

Note. Cross-validation matrices show the generalization accuracy with respect to the actual class
(rows) against the predicted class (columns). NN: neural nets. SVM: support vector machines.
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Classi�er Parameters   Predicted: No
Unplanned Visits

Predicted: ≥1
Unplanned Visit

Iterations = 10

Actual: ≥1
Unplanned Visit

38.0% 62.0%

Average 62.2%

Logistic
Regression

N/A Actual: No
Unplanned
Visits

60.4% 39.6%

Actual: ≥1
Unplanned Visit

29.8% 70.2%

Average 65.3%

Note. Cross-validation matrices show the generalization accuracy with respect to the actual class
(rows) against the predicted class (columns). NN: neural nets. SVM: support vector machines.

Table 3 shows the sensitivity analysis of the best-case radial SVM classi�er presented in Table 2. Both
blood pressure and HDL cholesterol were found to contribute most signi�cantly to the prediction task:
removing blood pressure from the model decreases the model’s accuracy by 1.9 percentage points, and
removing HDL cholesterol results in a decrease of 1.8 percentage points. The lowest change in accuracy
comes from A1C which when removed from the model only resulted in a drop of 0.7 percentage points.
These analyses show that BP and HDL seem to be the most important indicators of unplanned medical
visits among patients with diabetes, among the potentially modi�able variables.

Table 3
Sensitivity analysis showing the disruption of generalization accuracy when restricting each variable to a

healthy range.
Restricted variable range New prediction accuracy Change in accuracy

A1C < 6.5 (N = 13,857) 66.2% -0.7%

BMI > 30 (N = 15,885) 65.9% -1.0%

BP < 120/80 (N = 11,996) 65.0% -1.9%

HDL > 50 (N = 30,058) 65.1% -1.8%

LDL < 130 (N = 39,384) 65.8% -1.1%

No current smoking (N = 38,370) 65.8% -1.1%

Note. Prediction accuracy is the average of the hit and correct rejection accuracies. Change in
prediction accuracy is relative to the best-case results using the full data sample in Table 2. A1C:
glycohemoglobin. BMI: body mass index. BP: blood pressure. HDL: high-density lipoprotein. LDL: low-
density lipoprotein.

Discussion
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This study utilized machine learning to predict unplanned medical visits among patients with diabetes
over a 3-year period, using readily available variables from EMRs as prediction variables. Machine
learning methods (radial-basis SVM in particular) were able to achieve more accurate prediction relative
to conventional logistic regression, with average accuracy ranging from 65.1–66.2%. Further, post-hoc
analysis of the trained prediction model revealed that HDL and BP are possibly the most important
modi�able variables that predict unplanned medical visits among patients with diabetes.

HDL and BP may be driving unplanned medical visits among patients with diabetes due to their
individual risks for unplanned medical. HDL is generally known as being the “good cholesterol” because
of its atherogenesis inhibitory properties. In addition, HDL is normally anti-in�ammatory; however, HDL
often has a loss of function in patients with diabetes, and thus the anti-in�ammatory properties are
inhibited.(25, 26) The disease mechanisms in both diabetes and hypertension are similar, and have
commonalities in etiology including obesity, in�ammation, oxidative stress, and insulin resistance.(27)
Similarly, high BP in diabetes patients is associated with increased risk of death and diabetes-related
complications, which explains the �nding that high BP is especially predictive of unplanned medical
visits.(28)

Presently, literature shows more evidence of hospitals employing predictive analytics to help with
predicting readmission risk and less regarding preventing and predicting unplanned medical visits.
Commonly used are the HOSPITAL and LACE screening tools to help predict readmission risk. The
HOSPITAL score uses 7 clinical predictors to help identify patients at high risk of hospital readmissions
within 30 days of discharge. This score has been validated and shown to have superior discriminative
ability over other prediction tools(29) Similarly, the LACE index uses only four variables to predict death or
30-day readmission after hospital discharge of 66.3% and a correct rejection accuracy of 53.3%.(30)
While this tool has also been validated, LACE has been shown to only have moderate discriminative
ability.(29)

Therefore, the higher prediction accuracy in the current model demonstrates the utility of machine
learning approaches for prediction of medical risks. Though the improvement in accuracy may be
considered small (~ 1.5 percentage points), this could have substantial implications at a large scale. For
example, back-of-the envelope calculations show that, under the assumption that these visits can be
anticipated and prevented with perfect accuracy, an improvement of 1.5% for a patient population of
1 million translates into approximately 3000 people and 10,000 visits that could be avoided.

The higher accuracy is likely attributable to the increased predictive information contained in patterns of
variables, over and above each variable’s statistically independent association with the outcome.(11, 31)
Though this pattern-based information is di�cult to extract in “black-box” models (e.g. SVM), we present
a form of sensitivity analysis that estimates each variable’s total contribution to the model (accumulated
across its statistically independent main effect and all interactions with other predictor variables) and
thus can quantify each variable’s “diagnostic information.”
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Identifying the most salient predictors is an important step towards moving this predictive algorithm
towards concrete implementation in clinical settings. That is, the trained predictive model can be used for
hypothesis generation (i.e. that risky HDL and BP values lead to unplanned medical visits). Since the
predictive model itself cannot test or establish causality, further longitudinal research in clinical settings
is needed to test these hypotheses; nevertheless, this hypothesis generation is an essential step in that it
reduces the number of likely hypotheses that must be tested in clinical settings, leading to a more
e�cient use of resources. Following the hypothesis validation stage, an evidence-based intervention then
can be designed and implemented which �ags high-risk patients for an appropriate protocol (e.g. more
aggressive targeting of BP and HDL through clinical or behavioral measures).

In fact, such an intervention is currently under development at the sponsoring healthcare organization,
brought about in part by this research. Thus, this study demonstrates the value of machine learning
models not only in improved prediction of costly unplanned medical visits, but also in moving towards
clinical implementation.

Limitations
This study has several limitations. First, causality cannot be established using observational data;
however, the current procedure of performing a sensitivity analysis on modi�able predictor variables
produces a more re�ned set of causal hypotheses that can be pursued in follow-up research. A related
limitation is that, factors that may be relevant for prediction may not be pertinent for treatment (e.g. age
which is not modi�able). Limitations of EMR data, such as imprecise measures of smoking status, are
likely to negatively impact the prediction accuracy. However, basing our prediction model on standard
EMR �elds increases its utility within this healthcare system, as well as its potential generalizability to
other healthcare systems. Finally, results may not be generalizable to other populations outside the North
Dakota, South Dakota, and Minnesota, and further validation is needed in other independent samples.

Strengths:

The use of EMR data from a large healthcare system in the US allows for the capture of large proportion
of the population, and a large sample size. This study also utilizes innovative machine learning methods
with cross-validation, which leads to improved prediction accuracy and generalizability of results. Finally,
the current study demonstrates a relatively novel procedure for moving a machine-learning model from
pure prediction towards making clinical improvements to care management.

Conclusions
This study shows improved prediction of unplanned medical visits among patients with diabetes by
utilizing machine learning methods, relative to conventional prediction models. A post-hoc sensitivity
analysis identi�ed low HDL and high BP as the strongest predictors of unplanned medical visits among
this patient population, prompting future research in clinical settings on whether these are causal
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relationships Future research is underway based on this predictive model on a behavioral health
intervention aimed at improving diabetes management in clinical settings.

Abbreviations
EMR: Electronic medical records; BMI: body mass index; BP: Blood pressure; LDL: low-density lipoprotein;
HDL: high-density lipoprotein; A1C: glycohemoglobin; MN: Minnesota; ND: North Dakota; SD: South
Dakota; SVM: support vector machine; NN: neural network.
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