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Abstract
The aim of the study was to evaluate the performance of the Prophet forecasting procedure, part of the Facebook open-
source Artificial Intelligence portfolio, for forecasting variations in radiological examination volumes. Daily CT and MRI 
examination volumes from our institution were extracted from the radiology information system (RIS) database. Data from 
January 1, 2015, to December 31, 2019, was used for training the Prophet algorithm, and data from January 2020 was used 
for validation. Algorithm performance was then evaluated prospectively in February and August 2020. Total error and mean 
error per day were evaluated, and computational time was logged using different Markov chain Monte Carlo (MCMC) sam-
ples. Data from 610,570 examinations were used for training; the majority were CTs (82.3%). During retrospective testing, 
prediction error was reduced from 19 to < 1 per day in CT (total 589 to 17) and from 5 to < 1 per day (total 144 to 27) in 
MRI by fine-tuning the Prophet procedure. Prospective prediction error in February was 11 per day in CT (9934 predicted, 
9667 actual) and 1 per day in MRI (2484 predicted, 2457 actual) and was significantly better than manual weekly predic-
tions (p = 0.001). Inference with MCMC added no substantial improvements while vastly increasing computational time. 
Prophet accurately models weekly, seasonal, and overall trends paving the way for optimal resource allocation for radiology 
exam acquisition and interpretation.

Introduction

Resource planning is a critical component of success in 
a radiology department. At a strategic level, the ability to 
accurately estimate future exam volumes is a crucial input 
to physician recruitment and retention strategies, which 
are especially essential in the context of increasing clinical 
demand and physician burnout [1]. At an operational level, 

radiologists’ roster is usually scheduled weeks to months in 
advance when the exact number and type of examinations 
to be performed are not known. “Coordinated visits,” where 
a patient attends the radiology department on the same day 
as their clinic appointment, add an additional layer to the 
planning process. These visits are increasingly popular as a 
tool for improving patient satisfaction, but create additional 
demands for immediate radiologist availability in order to 
produce results in a timely manner. Finally, while some use-
ful information can be derived from an institution’s maxi-
mum “scanning capacity” (e.g., maximum number of exams 
that can be performed per scanner multiplied by the total 
number of scanners), the increasing recognition of the cru-
cial value of re-interpretation of images submitted from out-
side institutions by subspecialized radiologists [2–5] places 
additional strain on a radiology department’s ability to deal 
with the clinical workload in a timely manner.

Forecasting is the process of using past data to make 
predictions about future states, usually by mathematical/
statistical methods analyzing longitudinal time-series data. 
The field has made great progress on a technical level in 
the past years [6] and has become increasingly available 
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and integrated within existing analytics software. These 
advances were fueled by a multitude of applications, for 
example, stock prices in financial forecasting, or user fluc-
tuations and server-load for web-based computer applica-
tions in information technology companies [7]. Similar to 
these applications, the number of radiology exams shares 
some strong seasonal and periodic characteristics, some of 
which may be obvious (e.g., holidays, weekdays vs. week-
ends), some less so (e.g., seasonal weather fluctuations). 
This lead to the hypothesis that a forecasting algorithm mod-
eling daily, weekly, monthly, and seasonal variations would 
be well-suited to predict radiology workload. The Prophet 
procedure, which is part of the Facebook AI portfolio, is an 
open-source forecasting algorithm designed for such tasks.

Hence, the purpose of this study was to prospectively 
evaluate the performance of the Prophet forecasting algo-
rithm for radiological examination volume, with the ultimate 
aim to aid with radiologist coverage planning.

Material and Methods

Data Collection and Experimental Design

This study was Health Insurance Portability and Account-
ability Act (HIPAA)-compliant and Institutional Review 
Board-exempt as an institutional quality improvement 
project. From our radiology information system, we first 
extracted all examinations in the body imaging service over 
a 5-year period from January 1, 2015, through January 31, 
2020. The sum of daily examinations without any individual 
patient identifiable information were retrieved on February 
1, 2020, and served as a training dataset. The month of Janu-
ary 2020 was withheld during model training to validate and 
optimize the model.

The reference method we used to compare against 
Prophet was a weekly, manual procedure: A certain number 
of radiologists are on clinical shifts as a baseline coverage; 
then, worklists were checked every Friday evening and radi-
ologists moved to or from clinical assignments the following 
week based on the volume of unread examinations.

Algorithm and Software

The Prophet algorithm is part of the Facebook (R) open-
source AI portfolio (https:// opens ource. faceb ook. com/# 
artifi cial- intel ligen ce). Prophet is a forecasting procedure 

based on an additive model fitting non-linear trends with 
daily, weekly, and yearly effects [8]. Furthermore, it allows 
for inclusion of relevant events such as major holidays. The 
Prophet implementation (v. 0.5) in R version 3.6.3 was used 
[9]. The full analysis together with non-patient-related, 
synthetic data is publicly available at https:// github. com/  
ASBec ker/ exam_ forec ast. All computations were performed 
on a personal computer with a 3.5 GHz CPU (AMD (R) 
Ryzen Threadripper 1920X 12 Core) and 64 GB RAM.

Data Analysis

CT and MRI examinations were analyzed separately, since 
they are different assignments in our body imaging roster. 
Furthermore, the performance on in-house and external 
examinations (henceforth: “second reads”) was analyzed 
separately and combined. Inpatients were not analyzed sepa-
rately since they only represent a small fraction of the overall 
volume, have less underlying variability, and are covered 
by a constant number of radiologists due to the requirement 
for timely interpretation. Final performance assessment of 
the best selected model was performed after 4 weeks using 
the data from February 1 to 29, 2020. Performance was 
measured by (1) the total sum of prediction error and (2) 
the mean prediction error per day. Furthermore, we com-
pared the residual sum of squares (RSS) between manual 
and Prophet forecast with a paired Wilcoxon signed-rank 
sum test. A two-tailed alpha of 0.05 was used to indicate 
significant differences.

Prophet allows for setting of various hyperparameters, 
most of which were left at the default settings after initial 
empirical trials. However, we evaluated the use of Bayesian 
inference using different numbers of Markov chain Monte 
Carlo (MCMC) samples on our prospective test set. We eval-
uated the incremental accuracy by total error and mean error 
per day as well as the computational time needed.

Results

Data

The total number of examinations was 610,566 (Fig. 1a), of 
which 543,386 were performed at our institution and 67,180 
were second reads. The majority (82.3%) were CTs, consti-
tuting 502,708 examinations (9.6% second reads), whereas 
MRIs amounted to 107,858 (17.4% second reads). In the 
validation data (January 2020), there were 13,961 examina-
tions, of which 12,102 were performed at our institution and 
1859 were second reads. The majority (81.4%) were again 
CTs with 11,358 examinations (11.6% second reads). There 
were 2603 MRIs (20.9% second reads).

Fig. 1  a Smoothed curve of examination volume over a 5-year 
period, showing an overall growth pattern as well as seasonal repeat-
ing patterns, which are detected by the model as shown in the trend 
decompositions in b–d. The y-axis represents the effect of the respec-
tive seasonal component on the predicted y value
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Model Selection

Data for the entire study period is shown in Fig. 1a. Seasonal 
fluctuations and continuous growth can be appreciated, as 
well as “dips” around major holidays. Individual compo-
nents of the Prophet model are depicted in Fig. 1b–d.

Backtesting of data from the last month of the training 
period (“backtest-month”) (Fig. 2) showed that the predic-
tion tended to underpredict during the week and overpre-
dict on weekends. Since there is a clinical and operational 
penalty when reports are delayed, a slight over-allocation of 
radiologists on a given day is generally favored over under-
allocation. Thus, rather than using the predicted point esti-
mate, the upper bound of the prediction 80% confidence 
interval during weekdays and the lower bound on weekends 
(“hilo-estimate”) were selected. With this slight adjustment 
to the standard Prophet procedure, the total prediction error 
for CT was reduced from a total of − 587 (mean − 19 exami-
nations/5.2% per day) to 50 examinations for the whole 
backtest-month (mean 2 examinations/0.4% per day), and 
for MRI was reduced from a total of − 144 (mean − 5 exam-
inations/5.6% per day) to 21 examinations for the whole 
month (mean 1 examination/0.8% per day). A negative error 
means that more examinations were predicted than actually 
occurred, while a positive error means fewer examinations 
were predicted than actually occurred.

Model Evaluation: Forecast

The model was prospectively evaluated in the 4 weeks of 
February 2020 (test month), using all data until the end 
of January for training of the algorithm. Estimate of total 
CT examinations was 9942, and actual number was 9553 
(mean error of 10 examinations/2.3% per day, illustrated in 

Fig. 3); estimate of total MR examinations was 2485, and 
actual number was 2397 (mean error of 2 examinations/4.5% 
per day).

After the severe acute respiratory syndrome coronavirus 
2 (SARS-CoV-2 or COVID-19) pandemic had led to an ini-
tial decrease in clinical activity from March to May and a 
subsequent rebound effect in June and July, the same model 
(trained with data until January 2020) was again tested 
prospectively in August 2020: Estimate of total CT exami-
nations was 10,326, and actual number was 10,009 (mean 
error of 10 examinations/3.2% per day); estimate of total MR 
examinations was 2610, and actual number was 2482 (mean 
error of 4 examinations/5.1% per day).

Manual examination prediction yielded a median under-
estimation of − 14 (IQR − 39.25–41.38), whereas the prophet 
prediction slightly overestimated the examination volume 
by a median of 7.1 (IQR − 11.3–30) per day. The Prophet 
procedure was significantly more accurate than the manual 
forecast (p = 0.001).

Model Evaluation: Markov Monte Carlo Chain

Forecasting accuracy was evaluated on the test month (Feb-
ruary 2020) with increasing number of MCMC samples 
from 250 to 32.000. Zero samples is the default setting at 
which a maximum a posteriori estimation is performed, 
which is computationally very efficient (< 1 s run time) but 
yields slightly less accurate forecasts. This setting was used 
in all forecasts above. The results of MCMC sampling are 
summarized in Table 1.

For CT, the forecast becomes more accurate when in-
house exams and 2nd reads are combined. Beyond 2500 
samples, there was no improvement in accuracy, and even 
this improvement was rather modest with 17 examinations 
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Backtest: Daily examination prediction for January 2020

Fig. 2  Retrospective test for January predicted CT numbers (blue line) with 80% confidence interval (shaded blue area). Actual number of exam-
inations on a given day are represented by the black points
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(0.07%) difference over the whole test month (at an increased 
computation time from < 1 s to > 20 min). In MRI, there was 
overall no improvement beyond 500 samples; however, due 
to a general underprediction of in-house examinations and 
overprediction of 2nd reads, those two predictions would be 
complimentary and result in a lower overall error. The mild 
improvement in accuracy with a large number of MCMC 
samples in the in-house forecast comes at the price of long 
computation times increased by several orders of magnitude.

Discussion

In this study, we evaluated the use of the state-of-the-art 
forecasting Prophet algorithm to predict radiology examina-
tion volumes. We found that the algorithm captures weekly, 
seasonal, and overall trends and allows for better radiologist 
allocation compared to manual planning. Custom fine-tuning 
of the Prophet procedure allowed us to tailor the forecasts 
to favor slight overestimation, whereas MCMC-sampling 
vastly increased computation time while not substantially 
increasing performance.

Patient volume forecasting has been attempted in various 
settings, for example, notoriously erratic emergency room 
visits and admissions, with modest success [10]. Boyle 
et al. achieved a ~ 7% mean daily error of emergency room 
presentations, but only 11% error for daily admissions [11]. 
Similarly, Zhang et al. achieved a ~ 7% mean error [12] when 
modeling radiologic patient flow in an emergency room set-
ting, whereas our fine-tuned Prophet procedure had a daily 
mean error between 2.3 and 5.1%. The slightly better per-
formance is likely a compound effect of the more advanced 
technology used, the larger number of data points in our 
dataset, and the majority of our examinations being planned 

outpatient appointments. In the radiological literature, the 
problem of no-shows and same-day cancellations has been 
thoroughly investigated in order to understand the reasons 
and propose new interventions to minimize them [13, 14]. 
While Zhang et al. have recently studied examination vol-
ume in the emergency room of a hospital [12], there are no 
studies using machine learning for radiology examination 
volume forecasting and resource planning on a departmental 
level.

Machine learning approaches fare better in high-volume 
settings with ample training data [15]. In our study, this was 
evident by the slightly lower performance when trying to 
predict second reads from outside CT examinations sepa-
rately. Prophet produced more accurate estimates when in-
house examinations and outside reads were combined. This 
may be due to some co-correlation between the two distribu-
tions; i.e., when overall activity at an institution (e.g., out-
patient clinic visits, inpatient census) is higher, there will be 
both more in-house and outside examinations.

The Prophet procedure is designed specifically for time 
series forecasting tasks with strong periodic and seasonal 
effects [8]. However, it may underperform in settings with 
simple periodic (i.e., quarterly) effects but otherwise without 
strong seasonality [16]. Papacharalampous and colleagues 
directly compared temperature and precipitation forecasts 
of Prophet and other forecasting methods. They found that 
Prophet outperformed naïve forecasts and yielded compa-
rable results to other state-of-the-art forecasting algorithms 
[17]. Furthermore, Zunic and colleagues recently demon-
strated the versatility and robustness of the Prophet pro-
cedure by applying it in a real-world environment (retail 
business) [18]. Our results are in line these findings. We 
expect our results to be reproducible in other bottleneck 
problems in healthcare with seasonal fluctuations, such as 
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Evaluation: Daily examination prediction for February 2020

Fig. 3  Prospective evaluation for February predicted CT numbers (blue line) with 80% confidence interval (shaded blue area). Actual number of 
examinations on a given day are represented by the black points
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surgical procedures or radiotherapy treatments. Lastly, these 
methods may also prove useful in allotting resources in aca-
demic research, for example, by forecasting occupancy of 
laboratory animal housing facilities or eligible patients for 
enrollment in clinical trials.

Limitations

There are several limitations that need to be considered. First, 
this was a single-center study. The robustness of the method 
and applicability to other settings will have to be investigated 
tailored to the individual institution’s setting and the unique 
patient population they serve [19]. To facilitate this process, 
we provide ready-to-implement code in a public GitHub 
repository with sample data, which needs to be swapped in 
order to train the model to the new institutional data.

Second, we only investigated a single algorithm. Even 
more accurate forecasts may be possible with other methods, 
such as novel deep recurrent neural networks [20]. However, 
deep neural networks require more computational resources 
for training and implementation for the planning routine is 
more difficult [20]. More importantly, the accuracy of the 
current method was already suitable for resource planning 
without the use of such more computationally expensive 
tools.

Third, Prophet allows for limited addition of external 
information (i.e., holidays). Events that predictably lead to 
a “dip” in examinations such as maintenance of scanners 
would have to be manually factored in, unless they can be 
added as “custom holidays” (for example recurring annual 
conferences). This point is also relevant in the current situ-
ation: While this article is being written and under review, 
the COVID-19 pandemic is entering a second or third wave 
in many countries. In extraordinary situations such as these, 
of course, the information to predict scan volume lies com-
pletely outside of the historical data and cannot be modeled 
with traditional forecasting methods.

Conclusion

Prophet produces accurate radiological examination vol-
ume predictions and is a useful tool for clinical operations 
planning.
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