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Dear Editor,

There are many examples of machine learning-based algo-
rithms with impressive diagnostic characteristics [1], but 
few published studies have evaluated how well they perform 
when deployed into clinical care [2]. We recently published 
the results of a machine-learned model developed to predict 
inpatient hypoglycemia [3]. The objective of our current 
study was to evaluate its performance following implementa-
tion into clinical care on cardiovascular and vascular surgery 
ward. Patients on these wards are at particularly high risk of 
hypoglycemia because guidelines recommend tight glycemic 
control post-operatively [4].

Methods

We conducted a prospective analysis of a machine learn-
ing algorithm to predict hypoglycemia. The algorithm 
was trained, validated, and tested using data from 2013 to 
2019. The details of the machine learning methods have 
been published, but in brief we employed multiple super-
vised machine learning techniques (e.g., extreme gradient 

boosting) to predict inpatient hypoglycemia and severe 
hypoglycemia using a wide-range of patient-level data (i.e., 
features) including medications, labs, nursing notes, comor-
bid conditions, among others. Our deployed model was an 
extreme gradient boosting model. [3] Our study was part of 
a quality improvement initiative to reduce inpatient hypogly-
cemia and did not require informed consent. 

The pre-implementation period for the model was Jan 
1, 2018, to May 31, 2020, and the model was implemented 
on the cardiovascular surgery and vascular surgery ward 
at St. Michael’s Hospital of Unity Health January 1, 2021 
and evaluated until April 30, 2022. This ward was seleced 
because diabetes is common (~ 30% of patients) and because 
the ward is managed by a small number of nurse practition-
ers which improves the feasibility of model deployment. 
Prior to implementation we met with the nurse practitioners 
to understand how best to provide them with the results of 
the algorithm. The nurse practitioners are responsible for the 
day-to-day clinical care of patients during their hospitaliza-
tion from Monday to Friday. They requested that a daily 
email that included the names of the patients at highest risk 
of hypoglycemia would be the ideal approach. The email 
itself was generated by the algorithm and thus was entirely 
automated and we were able to track how often the email 
was opened. The email included a list of patients identi-
fied as highest risk by the model in the next 24 h and an 
additional list of patients that experienced a blood glucose 
level below 6.0 mmol/L [108 mg/dL] in the previous 24 h. 
This was to support the nurse practitioners in reviewing both 
patients anticipated for a hypoglycemia event and those who 
were actively trending low independent of the algorithm. 
The intent was to support our clinicians with daily action-
able information for patients that were identified as high-risk 
at that point in time. No other information was provided in 
the email such as approaches to reduce the risk of hypo-
glycemia. This was purposeful because our end-users were 
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already experts in preventing hypoglycemia based on their 
years of clinical experience.

Our primary outcome was the proportion of weeks before 
and after model implementation where more than 5% of 
patients experienced hypoglycemia (glucose < 3.9 mmol/L 
[70 mg/dL]) per week. Given the small number of patients 
on the study units we anticipated significant variability in 
rates of hypoglycemia and aggregated to weekly estimates. 
A clinically relevant metric of proportion of patients on the 
units experiencing hypoglycemia was chosen. The rates were 
calculated as the sum of (# encounters experiencing hypo-
glycemia, each day of the week) divided by sum of (daily 
patient census, for each day of the week) * 100. We used 
daily event and patient census estimates since the interven-
tion was delivered on a daily basis. We assessed changes 
in the primary outcome graphically and using a Chi-square 
test. Secondary outcomes included changes in the variance 
of hypoglycemia rates, weekly rates of hypoglycemia annual 
rates of severe hypoglycemia (glucose < 2.2 mmol/L [40 mg/
dL]), and weekly rates of hyperglycemia. Because severe 
hypoglycemia is rare we assessed the rate on a yearly basis. 
Levene’s test was used to assess changes in variance between 
the pre-implementation and post-implementation periods 
and segmented regression was used to examine changes in 
weekly rates of hypoglycemia and hyperglycemia [5]. All 
statistical analyses were performed using R version 3.6.3.

Results

Our study included 3989 hospitalizations during the pre-
implementation period and 1916 post-implementation. Base-
line characteristics of patients, including comorbid condi-
tions, were similar prior to and following implementation 
(Table 1). Approximately one-third of patients were women, 
the median age was 66 years, 23% received metformin in 
hospital, 7% received a sulfonylurea, and the median length 
of stay was 6 days. In Fig. 1, we provided a visual represen-
tation of the changes in the rate of the outcomes overtime. 
Following implementation of our model, we observed reduc-
tions in the rate of hypoglycemia. During the pre-imple-
mentation period 12 of the 127 weeks (i.e., 9.4% of weeks) 
there were more than 5% of patients who developed hypo-
glycemia. During the post-implementation period, 0 of the 
79 weeks (i.e., 0% of weeks) had more than 5% of patients 
who developed hypoglycemia. The weekly variability in 
the rates of hypoglycemia decreased by approximately 50% 
from the pre-implementation (standard deviation 1.8, vari-
ance 3.4) to implementation phase (standard deviation 1.3, 
variance 1.6; p = 0.03). There was a week-to-week decrease 
in hypoglycemia rates by 0.03 events per week [95% CI: 
− 0.04, − 0.01] (p = 0.004) but no significant change in 

weekly rates of hyperglycemia (− 0.04 [95% CI: − 0.10, 
0.01]; p = 0.102). The severe hypoglycemia events per 100 
patients per year was 1.3 pre-implementation and 1.1 fol-
lowing implementation.

Discussion

Our prospective analysis of a recently validated machine 
learned model [3] to prevent hypoglycemia demonstrated a 
reduction in the rates of inpatient hypoglycemia. And while 
there are other studies that have sought to predict inpatient 
hypoglycemia [6], most have not been prospectively evalu-
ated to assess their performance in routine care.

There are other strategies to prevent hypoglycemia in 
hospital such as having a virtual glucose management ser-
vice [7]. In a study including 3 hospitals in California, 
the implementation of this service, which consisted of a 
physician, nurse educator, and pharmacist, reduced rates 
of hypoglycemia by approximately 40% and the absolute 
number of severe hypoglycemic events (< 2.2 mmol/L 
[40 mg/dL]) was reduced from 40 to 15 per year following 
implementation. The reduction in the rate of both hypo-
glycemia and severe hypoglycemia was impressive, but it 
is unclear how cost-effective, sustainable, or generalizable 

Table 1   Baseline characteristics of included patients

a A commonly used score for classifying comorbid conditions 
which higher scores indicating a higher number of comorbid condi-
tions. Scores 5 and higher not included and constitute the remaining 
patients (~ 5%)

Pre-implementation Implementation

Number of encounters 3989 1916
Median age (IQR) 67 (59–75) 66 (59–74)
Female sex 1052 (26%) 564 (29%)
Charlson comorbidity indexa

 0 1288 (32%) 583 (30%)
 1 922 (23%) 414 (22%)
 2 871 (22%) 393 (21%)
 3 538 (13%) 267 (14%)
 4 185 (5%) 101 (5%)

Number of encounters with 
diabetes

1229 (30.8%) 572 (29.9%)

Insulin administration in-
hospital

 Long-acting
 Intermediate-acting
 Short-acting
 Mix

1942 (48.7%)
540 (13.5%)
24 (0.6%)
1899 (47.6%)
69 (1.7%)

769 (40.1%)
235 (12.3%)
8 (0.4%)
753 (39.3%)
20 (1.0%)

Metformin use in-hospital 956 (24%) 445 (23%)
Sulfonylurea use in-hospital 384 (10%) 132 (7%)
Median length of stay in days 

(IQR)
6.3 (4.5–9.0) 6.6 (4.7–10.1)
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this model is. In contrast, our model does not require addi-
tional clinical team members and is constantly reviewing 
all of the available data for each patient, 24 h per day and 
7 days per week. One potential unintended impact of our 
approach is a cognitive bias to only focus on the patients 
that appeared on the daily email. However, if this were 
leading to missed cases of hypoglycemia among lower risk 
patients we would not have expected to observe a reduc-
tion in the number of events.

An important limitation of our study is that it occurred 
at a single hospital in Toronto, Ontario with only 1 year 
of data to evaluate its implementation. However, this is a 
necessary step before wider adoption to ensure the tool 
is achieving adequate performance. With only 1 year of 
implementation data we are likely under-powered to iden-
tify its impact on the rate of severe hypoglycemia because 
it is a rare event. Another limitation of all non-randomized 
studies is an inability to rule out unmeasured confounding 
or temporal changes that may have affected the primary 
outcome. For example, most of our implementation phase 
took place during the COVID-19 pandemic and prior data 
have shown that there was a marked reduction in the num-
ber of hospitalizations during this period for non-COVID 
related illness and increased severity of illness among 
those who did present with non-COVID related illness. 
Finally, we lacked qualitative feedback on our tool from 
the end-user (i.e., nurse practitioners). Collecting these 
data are an important area of future research to have a 
broader understanding of both the quantitative and quali-
tative impact of machine-learned models. Despite these 
limitations, the results of our study suggest that machine 

learning methods can be leveraged to prevent inpatient 
hypoglycemia.
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