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Abstract 

Introduction: Excessive resident duty hours (RDH) is a recognized issue with implications for physician well-being 
and patient safety. A significant component of the RDH concern is on-call duty. While other industries have adopted 
machine learning models (MLMs) to optimize scheduling and employee well-being, medicine has lagged. This study 
aimed to investigate the use of MLMs to predict demand on orthopaedic residents to optimize scheduling. 
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Methods: Daily surgical handover emails over an eight-year (2012-2019) period at a level I trauma centre were used 
to model demand on residents. Various MLMs were trained to predict the workload, with their results compared to 
the current approach. Quality of models was determined by using the area under the receiver operator curve (AUC) 
and accuracy. The top ten most important variables were extracted from the most successful model. 
Results: The reduction in orthopaedic resident shifts possible per annum was 24.7%. The most successful model 
during testing was the neural network (AUC: 0.81, accuracy: 73.7%). All models were better than the current 
approach (AUC: 0.50, accuracy: 50.1%). Key variables used by the neural network model were (descending order): 
spine call duty (y/n), year, weekday/weekend, month, and day of the week. 
Conclusion: This was the first study using MLMs to predict demand for orthopaedic residents at a major academic 
institution. All MLMs were more successful than the current scheduling approach. Future work should look to 
incorporate predictive models with optimization strategies, matching scheduling with demand to improve resident 
well-being and patient care. 

Keywords: resident; medical education; orthopaedics; machine learning; scheduling 

Introduction 
Excessive resident duty hours (RDH) is a recognized 
issue within modern postgraduate medical 
education.1-3 Research has shown that excessive RDH 
is linked to worse patient outcomes, decreased 
medical trainee satisfaction, and increased rates of 
physician burnout.4-8 As such, various institutions 
worldwide have implemented work hour restrictions 
to improve patient safety and resident well-being.4, 9-12 
However, this has not yet resulted in evidence 
demonstrating improved patient care nor resident 
wellness, and instead has negatively impacted 
resident education through decreased learning 
opportunities, limited resident supervision and 
decreased learning opportunities.8, 13, 14 

A major component of the RDH concern is on-
call duty. Call coverage is traditionally scheduled 
according to a fixed schedule rather than based on 
the anticipated amount of work required (i.e., 
demand), leading to over-scheduling call coverage to 
prevent a service gap. Research in operations 
management has attempted to solve the resident 
scheduling problem (RSP) through various models, 
heuristics, and approaches.15-21 However, a key 
drawback of these models is that they solve the RSP 
as a scheduling optimization problem without 
considering the varying demand placed on residents 
throughout the year. These models have failed to be 
implemented in resident scheduling practice despite 
in-depth analysis, mostly due to their complexity and 
lack of practical applicability.  
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While considerable research has been put 
forth to address the problem of reducing resident call 
workload and solving the RSP, there is a paucity in the 
current literature looking at predicting and 
forecasting the demand on surgical residents. If one 
can accurately predict the demand on residents at 
any given time, one will be able to schedule residents 
according to the demand appropriately.  
Accordingly, machine learning models (MLMs) have 
been extensively used in other industries to predict 
demand and prevent such issues as a service supply-
demand mismatch.22-25 Now the use of MLMs are 
slowly gaining traction in healthcare. For instance, 
predictive models have been used to forecast the 
demand on emergency departments to improve 
nursing staff scheduling.26, 27 Additionally, there are 
many studies using MLMs to optimize hospital 
management and patient scheduling. 28, 29, 30 However, 
there has not been a large focus on fully addressing 
the unique aspects of resident scheduling, such as 
training requirements and educational opportunities. 
We believe that predictive MLMs may be used to 
accurately forecast the workload demand placed on 
residents during on-call hours. We hypothesize that 
external factors such as seasonality and day of the 
week may predict the demand on residents. 
Accordingly, the aim of this study was to: 1) identify 
the optimization potential available in the current 
orthopaedic resident schedule, 2) identify key 
variables involved in determining the demand on 
residents, and 3) develop MLMs to predict the 
demand on residents. 
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Methods 
This single-centre quality improvement study was 
conducted in the Division of Orthopaedic Surgery at 
Sunnybrook Health Sciences Centre, a major 
academic hospital and level 1 trauma centre in 
Toronto, Canada. As a quality improvement initiative, 
this retrospective study was exempt from requiring 
Research Ethics Board consideration. 

Determining Resident Demand 
The main contributors to the demand of work on the 
residents during each call shift consist of operating 
room (OR) hours, traumas, admissions, consults and 
rounding on patients. As such, the demand on 
residents can be modelled mathematically by 
determining the number of hours spent doing the 
following critical tasks: 1) operating, 2) seeing 
traumas, 3) admitting patients, 4) seeing consults, and 
5) rounding on patients. The mathematical definition 
of the demand may be found in Appendix I, Equation 
I.
Timed Study
To determine the average time required to complete 
each critical task, a detailed time study of 100 
observations of each task was completed over one 
year (i.e., the critical tasks were observed over 100 call 
shifts), with mean and standard deviation (SD) 
determined for each task.

Data Extraction 
To determine the number of critical tasks conducted 
during each shift, handover emails were collated over 
an eight-year period (January 1st, 2012 - December 
31st, 2019). The following data was extracted using a 
natural language processing algorithm built using 
Python programming language: 1) date, 2) number of 
ORs completed, 3) number of traumas, 4) number of 
admissions, 5) number of consults, 6) spine call duty 
(orthopaedics/neurosurgery residents), and 7) hip 
fracture case presence (yes/no).31 Note, residents 
from orthopaedics and neurosurgery share spine call 
at our institution, thus, spine call duty is an important 
factor to consider in the requirement for orthopaedic 
on-call residents. In addition, whether a hip fracture 
procedure was completed or not is an important 
consideration at our institution as they need to be 
completed within a scheduled time per government 
policy.32 
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Shift Optimization 
Classically, two residents (one junior and one senior) 
are placed on each shift at our institution, with 730 
resident shifts scheduled per year. Reduction capacity 
was defined as the number of unnecessary second-
call resident shifts, which occurred when the daily 
demand was less than 20 hours. A 20-hour cut-off 
was chosen through a focus group of twenty-three 
residents whereby they were asked how many hours 
of work in a 24-hour shift they felt competent doing 
alone before requiring a second resident on call. If the 
demand was less than 20 hours, then one resident 
would be sufficient to handle the workload, and if the 
demand was greater than 20 hours, then a second 
resident would be required. Accordingly, the 
mathematical definition of shift optimization available 
is described in Appendix I, Equation 2. 

Prediction of Demand 
MLMs were deployed to predict whether the demand 
on residents exceeds the cut-off of 20 hours (positive 
prediction) or falls below 20 hours (negative 
prediction). The dataset was randomized and split 
into a training/testing ratio of 80/20, with training and 
validation of MLMs conducted on the training set and 
testing of MLMs on the testing set. 
Features used for the MLMs were 1) season, 2) year, 
3) day of the week, 4) month, 5) weekday, 6) spine call
duty, and 7) hip fracture case. Refer to Table 1 for a
detailed description of these variables. The
correlation between features was examined by
determining the Pearson correlation coefficient
between each feature, and results were visualized
through a network plot.

Table 1. Characterization of variables available to 
predict the demand. 
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MLMs utilized were logistic regression,33 random 
forest,34 k-nearest neighbour,35 earth (multivariate 
adaptive regression splines),36 naive bayes,37 

adaboost classification trees,38 partial least squares,39 
and neural networks.40 Models were compared to the 
current approach of resident scheduling, i.e., two 
residents for each call shift. Outcome metrics for the 
models was area under the receiver operator curve 
(AUC), accuracy, sensitivity, specificity, positive 
predictive value (PPV), and negative predictive value 
(NPV). The model with the largest AUC was 
considered optimal. Statistical significance was 
determined by comparing the AUC metrics using 
analysis of variance (ANOVA) with Tukey’s test post-
hoc sampling. The significance level was set at p <.05. 
The most important features for the model with the 
highest AUC on the test set were determined. All 
analysis was completed using RStudio (RStudio Inc; 
Version 1.2.5042),41 running R software (R Foundation, 
Version 3.6.3).42 Models were constructed using the 
Caret package in the R programming language.43

Results 
Resident Demand 
Details of the average amount of time and number of 
units of each task measured in the timed study are 
reported in Table 2. The number of shifts according to 
demand on residents across all eight years in hours is 
shown in Figure 1. The mean demand was 23 hours, 
with 50.6% of the shifts over 20 hours. 

Table 2. Mean and standard deviation (SD) of tasks 
required of residents during each shift. 

*Units are the average number of each task per call shift.
†Rounding was not recorded in emails and so one unit of rounding
was done per shift.

Figure 1. Histogram of demand on residents in hours. 
Blue vertical line indicates mean (23 hours) and red 
vertical indicates median (20 hours). 

Shift Optimization 
A detailed description of the demand and 
optimization potential on an annual average is 
provided in Table 3.  
The total number of shifts that may be removed per 
annum was 180 out of 730 shifts (24.7% of all shifts). 
The number of shifts (percentage) that may be 
reduced per annum by season was 37 (20.3%) in 
summer, 41 (22.6%) in fall, 50 (27.5%) in winter, and 
52 (28.5%) in spring. Regarding days of the week, 
Wednesdays and Thursdays had the maximum 
amount of shift optimization possible, with an 
average of 32 (31.2%) and 34 (32.9%) shifts to be 
removed per annum. Conversely, Saturdays and 
Sundays had the maximum demand and thus least 
optimization possible, with 15 (14.2%) and 16 (15.1%) 
shift reductions per annum. The months of the year 
with maximum optimization possible were March and 
January, with 20 (32.4%) and 19 (31.3%) shift 
reductions per annum. Conversely, the months with 
the least reduction possible were August and 
October, with 12 (19.6%) and 12 (19.8%) shift 
reductions per annum. 
While orthopaedic residents were on spine call, 79 
(17.7%) of their shifts could be reduced per annum. 
While orthopaedic residents were not on spine call, 
102 (35.7%) of their shifts could be reduced per 
annum. Similarly, the percentage of days with extra 
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call shifts when orthopaedic residents were or were 
not on spine calls were 35.3% and 71.4%, respectively. 
When there was a hip fracture, 62 (24.5%) of their 
shifts could be reduced per annum. While there was 
no hip fracture case, 121 (24.8%) of their shifts could 
be reduced per annum. Similarly, the percentage of 
days with extra call shifts when there was a hip 
fracture case versus not were 49.0% and 49.7%, 
respectively. 

Table 3. The reduction in shifts characterized on an 
annual average across the years studied (2012-2019). 

*Demand displayed in mean (standard deviation).

Machine Learning Demand Prediction 
Figure 2 displays a network plot of the correlation 
between all features used to train the models. Figure 
3 shows the ROC curves for all models during training 
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and testing. A display of the confusion matrices for all 
the models tested can be found in Appendix II.  

Figure 2. Network plot representing the correlation of 
features in the training set. Colour represents 
direction according to the scale on the right-hand 
side. Line thickness and proximity of features 
represents strength of correlation. *Represent 
categorical features. 

Figure 3. Receiver operator curve (ROC) plots for the 
models during training and testing. Models with 
larger areas under the ROC represent better models. 
The best models during training were the general 
boosted linear model, logistic regression, and partial 
least squares (AUC 0.78) and the best models during 
testing were the neural network, general boosted 
linear model, partial least squares, logistic regression, 
and earth (AUC 0.81). The current approach (always 2 
residents) is a straight diagonal line as there is always 
a 50/50 chance it will be either above or below the 
cut-off across all sensitivity and specificity ranges.    

Model Results 
The models that generated the highest AUC during 
training were the neural network, general boosted 
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linear model, logistic regression, and partial least 
squares, all with an AUC of 0.78 (SD 0.03) (Table 4). 
The worst model was the adaboost classification 
trees, with an AUC of 0.60 (SD 0.04) and an accuracy 
of 62.8% (SD 3.50). All models proved better than the 
current approach, with an AUC of 0.50 (SD 0.01) and 
an accuracy of 50.1% (SD 0.0). The multivariate 
adaptive regression splines (earth) model had the 
highest accuracy during training at 71.7% (SD 3.13). 
According to specificity, positive predictive value, and 
negative predictive value, all models proved better 
than the current approach. Sensitivity of the current 
approach was better than the MLMs (Table 4). 

Table 4. The mean and standard deviation (SD) of the 
resampled accuracy, area under the receiver operator 
curve (AUC), sensitivity, specificity, positive predictive 
value (PPN) and negative predictive value (NPV) 
during training and cross validation.  

AUC: area under the receiver operator curve, NA: not applicable, 
NPV: negative predictive value, PPV: positive predictive value. 
*Not applicable as the current approach makes no negative 
predictions i.e., it always predicts that the demand is above the cut-
off as it schedules two residents for each call shift.

During testing, the models that generated the highest 
AUC were the neural network, general boosted linear 
model, partial least squares, logistic regression, and 
earth, all with an AUC of 0.81 (Table 5). The worst 
MLM was the adaboost classification trees, with an 
AUC of 0.66 and an accuracy of 66.8%. All models 

DOI: https://doi.org/10.24926/jrmc.v8i1.6332

proved better than the current approach, with an AUC 
of 0.50 and an accuracy of 50.1%. The neural network 
model had the highest accuracy of 73.7%. All models 
proved better than the current approach according to 
accuracy, AUC, specificity, positive predictive value, 
and negative predictive value (Table 5). Sensitivity of 
the current approach was better than the MLMs 
(Table 5). 

Table 5. The accuracy, area under the receiver 
operator curve (AUC), sensitivity, specificity, positive 
predictive value (PPN) and negative predictive value 
(NPV) during testing. 

AUC: area under the receiver operator curve, NA: not applicable, 
NPV: negative predictive value, PPV: positive predictive value. 
*Not applicable as the current approach makes no negative calls,
i.e. it always predicts that the demand is above the cut-off.

ANOVA analysis comparing the AUC metrics of 
different models during training and testing revealed 
a significant difference between models (p < .0001). 
Post-hoc sampling revealed that all models 
significantly improved upon the current scheduling 
approach (p < .0001). Post-hoc sampling proved the 
logistic regression and neural network to have no 
significant difference in AUC metrics across validation 
folds, with a difference of 0 (95% confidence interval 
(CI): -4.3 x 10-16, 4.3 x 10-16), p < .0001. The general 
boosted linear model was the most improved 
compared to the current approach, with a difference 
of -0.811 (95% CI: -0.812, -0.810), p < .0001. 
Feature Importance 
Feature importance for the top ten features of the 
neural network model is displayed in Figure 5. 
Features considered significant by the model in order 
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of importance include spine call duty, year, 
weekday/weekend, month, and day of the week. 

Figure 4. Bar plot representing the top ten most 
important features used by the neural network 
model. 

Discussion 
This study demonstrated a novel approach to 
addressing excessive resident duty hours using 
machine learning, with results showing significant 
potential in scheduling optimization of orthopaedic 
resident on-call shifts. We identified that although the 
mean resident demand for an on-call shift was 23 
hours, it was not uncommon for residents to report 
working beyond the required 24 hours. These 
extended shifts were most likely due to the 
requirement of completing handover, outstanding 
tasks, and other substantial clinical responsibilities, 
but regardless demonstrate the need for a more 
adaptive scheduling approach that can align resident 
shift duration with predicted demand.  
With our models, the annual optimization potential 
was 24.7%, which is nearly a quarter of all shifts. This 
was a surprising realization, especially since only two 
residents were scheduled per shift. Compared to the 
current scheduling approach, such a high 
optimization potential demonstrates a massive 
potential for scheduling optimization at our 
institution. Furthermore, it highlights the need for 
institutions to harness the mathematical techniques 
that have been used extensively in the operations 
research literature at a practical and local level to 
improve the scheduling of their residents.15-21 
Notably, as the number of residents on-call increases, 
so too does the possible RDH savings using MLM. 
These findings are timely in the context of increasing 
interest from governing bodies and medical 
institutions worldwide in reducing resident workload. 
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In current efforts to address RDH, there is often a 
trade-off of service coverage which needs to be filled 
using physician extenders. However, our study offers 
an alternative approach that avoids these trade-offs 
by optimizing existing resident schedules based on 
predicted demand. This strategy not only reduces 
unnecessary shifts but also preserves the integrity of 
resident education and patient care.1-3 
With respect to the predictive models themselves, 
MLMs with high predictive accuracy were generated, 
demonstrating the possibility of forecasting the 
demand on residents based on external factors, 
allowing for subsequent schedule optimization. The 
MLM that proved to be the most effective in 
predicting resident demand was the neural network. 
This was not a surprise, as MLMs built on neural 
network architecture can learn non-linear 
relationships that may otherwise not be apparent to 
other MLMs.40 Neural networks are particularly adept 
at capturing complex interactions between variables, 
such as temporal patterns and workload fluctuations, 
which are critical in the context of resident 
scheduling. Despite this, other MLMs such as the 
general boosted linear model, partial least squares, 
logistic regression, and earth models demonstrated 
similar accuracy and AUCs compared to the neural 
network. This comparable performance across 
different MLMs suggests that the choice of model 
may depend on specific institutional needs, such as 
interpretability versus predictive power. This may be 
due to the small size of the dataset, as neural 
networks tend to perform even better against shallow 
MLMs on larger datasets.42 Overall, the quality of all 
the MLMs generated was superior at predicting 
demand compared to the current static scheduling 
approach, as demonstrated by the confusion matrices 
presented in Appendix II.45 An interesting observation 
was that the sensitivity of the current approach was 
better than all MLMs during training and testing. 
However, this is inherent as the current approach 
always assumes two residents per shift, suggesting a 
large potential for overscheduling. The reduced 
sensitivity of the MLMs reflects a more balanced 
approach to scheduling, where the goal is not merely 
to avoid under scheduling but to optimize the 
allocation of residents based on actual demand, 
thereby reducing unnecessary workload without 
compromising patient care. 
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A finding highlighted by both the shift optimization 
and MLMs was the strong dependence on time and 
on-call shift coverage. It was clear that certain 
seasons, days of the week, and months of the year 
had much higher shift reduction possible, while many 
of the top features used by the neural network were 
temporal factors. This demonstrates that not only is 
there a temporal variation of the demand on 
residents, but the demand is highly amenable to 
prediction via MLMs. The ability to predict these 
variations allows for proactive scheduling 
adjustments, which can significantly improve both 
resident well-being and operational efficiency. Being 
amenable to prediction is crucial as it allows future 
work to construct live forecasting models that will 
ensure even more accurate demand predictions. 
However, this study has its limitations. Firstly, this 
work was conducted at a single trauma hospital in 
Toronto, although it represents an academic site 
typical of medical education training institutions. 
While the specific optimization potential and 
algorithms may not necessarily generalize to other 
non-trauma sites, the approach of 1) identifying 
optimization potential and 2) modelling the demand 
on residents is generalizable. These same techniques 
may be applied at other institutions using their 
historic data to optimize the scheduling and predict 
the on-call demand of their residents. Secondly, 
factors such as air and ground ambulance duty, 
weather, and statutory holidays were not 
incorporated into the models. These factors may 
further improve the accuracy of these models, which 
may be addressed in future works. Thirdly, regarding 
our mathematical model to define resident demand, 
we acknowledge that task complexity along with 
variability in task duration could influence resident 
demand. Where complex cases may require 
additional time and resources, affecting the overall 
demand on residents. Including measures of task 
complexity in future machine learning models (MLMs) 
could enhance predictive accuracy by allowing the 
model to differentiate between tasks of varying 
complexity within each category. Moreover, refining 
how we account for variability by incorporating 
standard deviation or other spread measures might 
help the models handle fluctuations in workload 
more effectively. Fourthly, specific details regarding 
the surgical case (e.g., multi-trauma vs minor fracture) 
and patient factors were not incorporated. Previous 
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work has shown that these factors may effectively 
predict case costing, length of stay, and duration of 
surgery. 46-49 Accordingly, incorporating these factors 
would help improve the accuracy of the models in this 
study. Fifthly, this study does not address the 
intangible educational value of call shifts for junior 
residents as they are mentored by their senior 
resident counterparts. This limits the real-world 
application of these models as they would need to 
consider educational opportunities for juniors during 
downtime on a call shift. However, major academic 
centres often have a fellow scheduled on the same 
call shift, which has the potential to provide this 
mentorship and guidance to junior residents. 
Furthermore, additional responsibilities (which are 
often the work of junior residents, e.g., nighttime 
ward calls) were not considered, further limiting the 
application of these models in their current form. 
Sixthly, this study does not address the impact on 
patient outcomes and institutional costs of possibly 
under-scheduling residents during an unanticipated 
increase in workload. This is best suited in future 
work whereby these models are implemented in 
hospitals with their real-world impact analyzed 
through prospective clinical trials. Lastly, the 
optimization potential identified may not always be 
realizable, as the junior resident performs critical 
tasks such as seeing consults and admitting patients 
while the senior resident operates and sees traumas. 
This discrepancy in task responsibility based on 
resident category could not be incorporated within 
our MLM. In addition, many of these tasks may 
require both residents to be on site as they may occur 
simultaneously, limiting the ability to optimize the 
workload of residents. These practical constraints 
highlight the need for a flexible approach to 
scheduling optimization, one that can adapt to the 
dynamic and often unpredictable nature of clinical 
work. Future work should aim to incorporate the 
previously mentioned constraints to maximize the 
realizable scheduling optimization possible. 
Additionally, future studies could consider exploring 
the use of framing on call duties in terms of 
Entrustable Professional Activities (EPAs). With EPAs 
being considered as observable units of work that 
break down the complex competencies needed in a 
specialty, tasks such as patient admissions, trauma 
evaluations, consults, and procedural responsibilities 
could each be aligned with specific EPAs. 50 This 
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approach may help identify not only the intensity and 
variability in workload across shifts but also the 
critical learning experiences available to residents on 
call. Integrating EPAs into call scheduling could 
further enhance scheduling optimization by 
identifying shifts that present valuable learning 
opportunities, especially for junior residents, and by 
ensuring that duty hours prioritize tasks aligned with 
their learning needs. 
In conclusion, this work has demonstrated a large 
potential for reducing orthopaedic resident on-call 
shift scheduling, while MLMs predicting resident on-
call demand with a high level of accuracy have been 
generated and tested.  These findings are timely in 
the context of increasing interest from governing 
bodies and medical institutions worldwide in reducing 
resident workload.  This could prove advantageous to 
residents as the reduction in work hours would allow 
for more daytime clinical and surgical responsibility 
while being more focused and less sleep-deprived, 
creating an improved learning environment and 
patient care. As healthcare continues to evolve with 
increasing reliance on data-driven decision-making, 
our approach offers a promising avenue for 
integrating advanced predictive analytics into resident 
scheduling practices. Future work should aim to 
incorporate additional extraneous factors (i.e., air and 
ground ambulance scheduling, weather, and 
statutory holidays) to improve predictive power and 
aim to evaluate the efficacy of these predictive and 
scheduling algorithms in practice, including their 
effect on physician well-being and patient outcomes. 
Next steps would also include implementing our 
MLM-predicted changes into resident scheduling. This 
approach would allow us to systematically assess the 
real-world impact of our MLM-driven scheduling 
adjustments on the various outcomes focused on this 
study, and directly observe the reliable impact MLM-
scheduling can provide onto resident wellness, 
workload balance, and patient care. 
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Appendices 

Appendix I. Mathematical definition of demand and shift optimization. 

Equation 1. Definition of the demand. 

Suppose we want to model the demand 𝐷	(𝑑) on a particular day(𝑑) according to the various critical tasks 
(CTs) that are expected of orthopaedic residents, where 𝐷 ∈ 𝑅,𝐷	 ≥ 0. Then,	the demand on a particular 
day(𝑑)may be defined as: 

𝐷	(𝑑) 	= 	𝑂(𝑑) ∙ 𝑡! + 𝑇(𝑑) ∙ 𝑡" + 𝐴(𝑑) ∙ 𝑡# + 𝐶(𝑑) ∙ 𝑡$ 	+ 	𝑅	
, where 𝑂(𝑑) is the number of ORs complete per day, 𝑇(𝑑) is the number of traumas seen per day, 𝐴(𝑑) is the 
number of admissions per day, 𝐶(𝑑) is the number of consults seen per day, and 𝑅 is the baseline amount of 
time required to round per day. Similarly, 𝑡! is the average amount of time it takes to complete an OR, 𝑡"  is 
the average amount of time it takes to complete a trauma, 𝑡# is the average amount of time it takes to 
complete an admission, and 𝑡$ 	is the average amount of time it takes to complete a consult. 

Equation 2. Definition of optimization potential possible. 

Suppose 𝑁!% is the total number of shifts of the optimized schedule on an annual basis, where 𝑛!%(𝑑) is the 
number of residents in the optimized schedule on a particular day 𝑑. Suppose 𝐶 is the cut-off on the demand 
of the residents, where 𝐶 ∈ 𝑅, 𝐶	 ≥ 0. Then, the number of residents on a particular day can be modeled by: 

𝑛!%(𝑑) 	= 	 { &,()	+(-)	/	$
0,()	+(-)	1	$

The total number of shifts of the optimized schedule may be defined by: 

𝑁!% = <
+

-20

𝑛!%(𝑑)

Accordingly, the annual reduction possible may be defined as: 

𝑅𝑒𝑑𝑢𝑐𝑡𝑖𝑜𝑛	𝑃𝑜𝑠𝑠𝑖𝑏𝑙𝑒	 =
𝑁3% −	𝑁!%

𝑁3%
∙ 100%

, where 𝑁3% is the historic number of residents scheduled, and 𝑁!% is the optimized number of residents 
scheduled. 
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Appendix II. Confusion matrices for all models on the testing set.. Under means the demand is under the 20-
hour cut-off, while over is over the 20-hour cut-off. Each of these plots may be interpreted like a 2-by-2 
epidemiologic table, with true positives and true negatives on the top left and bottom right corners and false 
positives and false negatives in the top right and bottom left corners. 


