
DOI: 10.4018/IJHISI.2021010101

International Journal of Healthcare Information Systems and Informatics
Volume 16 • Issue 1 • January-March 2021

﻿
Copyright © 2021, IGI Global. Copying or distributing in print or electronic forms without written permission of IGI Global is prohibited.

﻿

1

Predicting Estimated Blood Loss and 
Transfusions in Gynecologic Surgery 
Using Artificial Neural Networks
Steven Walczak, University of South Florida, USA

 https://orcid.org/0000-0002-0449-6272

Emad Mikhail, University of South Florida, USA

ABSTRACT

This chapter explores valuating the efficacy of using artificial neural networks (ANNs) for predicting 
the estimated blood loss (EBL) and also transfusion requirements of myomectomy patients. All 146 
myomectomy surgeries performed over a 6-year period from a single site are captured. Records 
were removed for various reasons, leaving 96 cases. Backpropagation and radial basis function 
ANN models were developed to predict EBL and perioperative transfusion needs along with a 
regression model. The single hidden layer backpropagation ANN models performed the best for 
both prediction problems. EBL was predicted on average within 127.33 ml of measured blood loss, 
and transfusions were predicted with 71.4% sensitivity and 85.4% specificity. A combined ANN 
ensemble model using the output of the EBL ANN as an input variable to the transfusion prediction 
ANN was developed and resulted in 100% sensitivity and 62.9% specificity. The preoperative 
identification of large EBL or transfusion need can assist caregivers in better planning for possible 
post-operative morbidity and mortality.

Keywords
Artificial Neural Network (ANN), Backpropagation, Clinical Decision Support, Ensemble, Estimated Blood 
Loss (EBL), Fibroids, Gynecology, Machine Learning, Myomectomy, Surgery, Transfusion

INTRODUCTION

Uterine fibroids occur in women of reproductive age between 4.5% and 30% of the time, with over 50% 
of those affected claiming it negatively impacted their life (Fuldeore, & Soliman, 2017; Jayakumaran, 
et al., 2017; Zimmermann, et al., 2012). Myomectomy is a surgical procedure to remove fibroids that 
leaves the uterus intact for future pregnancies. Myomectomies may be conducted using a variety of 
surgical techniques including both minimally invasive techniques and standard surgical non-minimally 
invasive techniques. However, myomectomies are not without risk. Perioperative morbidity occurs 
in as high as 39% of patients (Andrade, et al., 2017; Frederick, et al., 2002; Sawin, et al., 2000) and 
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although much less likely mortality still occurs (Choo, Yeo, & Thomas, 1998; Hamoda, Tait, & 
Edmonds, 2009; Jin, et al., 2009; Katz, et al., 2001).

Estimated blood loss (EBL) during surgery has been shown to be a statistically significant (p < 
0.05) indicator of all perioperative morbidities using a univariate logistic regression model and also 
an indicator of serious perioperative morbidities using a multivariate logistic regression (Carson, 
et al., 2002). In addition to indicating perioperative morbidity, EBL has also been shown to be a 
strong indicator for other surgical outcomes including hospital length of stay (Jarnagin, et al., 2002; 
Sørensen, et al., 2005) and recurrence of a carcinoma (Katz, et al., 2009). The ability to preoperatively 
predict blood loss would allow for improved implementation of blood conservation techniques and 
would alert surgeons to the likelihood of related complications (Yu, et al., 2013). However, EBL is 
extremely difficult to measure accurately (Algadiem, et al., 2016; Eipe, & Ponniah, 2006; Guinn, 
et al., 2013). Prior research emphasizes the need to develop more accurate mathematical models to 
determine EBL (Brecher, Monk, & Goodnough, 1997).

Actual blood loss, estimated by EBL, is the most significant reason for operative and postoperative 
transfusions (Chang et al., 2001; Stoller, Wolf, & St. Lezin, 1994). Transfusions help to reduce 
mortality in patients with significant intraoperative blood loss (Wu, et al., 2010; Wu et al., 2012) and 
have been associated with increased postoperative morbidities (Frederick, et al., 2002). Therefore, 
preoperative knowledge of EBL and transfusion requirements of myomectomy patients will enable 
surgeons and clinicians to be better prepared to deal with probable postoperative morbidities and 
possible mortality.

Predictive models in medicine are most commonly developed using regression (Xie, et al., 2017). 
Other popular machine learning-based predictive modelling methods for clinical decision making 
include artificial neural networks (ANNs) and decision trees (Kourou, et al., 2015; Xie, et al., 2017). 
Predicting EBL is correlated with predicting transfusions and should be amenable to similar predictive 
informatics strategies. Prior research shows that ANNs are both a frequently used and an effective 
problem solving method in medicine (Cruz, & Wishart, 2006; Cunningham, Carney, & Jacob, 2000; 
Dreiseitl, & Ohno-Machado, 2002; Shaikhina, & Khovanova, 2017; Walczak, 2018) and for this 
reason ANNs are selected to try and model both EBL and transfusions.

This article examines the use of separate ANNs to predict intraoperative EBL and also 
perioperative transfusions and additionally introduces the novel approach in medicine of developing 
an ensemble ANN to predict both EBL and transfusions simultaeneously. This addresses a gap in 
current research where ANNs have been used to predict transfusion requirements, but primarily for 
cardio-circulatory surgeries (Covin et al., 2003; Walczak & Scharf, 2000). Prior research has not 
utilized ANNs to predict EBL or transfusions for gynecologic surgeries. A positive outcome may 
be able to improve surgeon and other clinician decision making regarding the intraoperative and 
postoperative care of these patients to help reduce morbidities and mortalities.

METHODS

Population Data
This is an IRB approved single site retrospective study. The site is a large urban nonprofit teaching 
hospital with an over 1000 bed count, which is the largest hospital within a 7 county region (Erickson, 
2018a) and the fourth largest hospital in the state of Florida (ranked by licensed beds) (Erickson, 
2018b). All records of patients receiving myomectomy surgery from October 1, 2011 to October 1, 
2017 are analyzed. A total of 146 records for myomectomy were retrieved. Records were removed for 
cases that: did not have ultrasound or MRI confirmation (22 removed), the surgery was performed by 
a visiting surgeon (8 removed), the case was an incidental fibroid attached to an ectopic pregnancy (1 
removed), or were cases with coexisting pathology (19 removed), leaving 96 cases. Visiting surgeon 
cases are removed based on prior research indicating the cadre and training of surgeons affects 



International Journal of Healthcare Information Systems and Informatics
Volume 16 • Issue 1 • January-March 2021

3

outcomes (Geidam, et al., 2011) and that it is difficult to compare EBL across hospitals and even 
surgeons, based on differing estimation methods (Brecher, Monk, & Goodnough, 1997). Coexisting 
pathologies are any concurrent cancer or other chronic medical condition. Table 1 displays the patient 
demographics for the 96 cases that were used.

The surgical techniques employed were laparoscopic, robotic, hysteroscopy, mini laparotomy, 
and laparotomy. The EBL across all 96 myomectomy surgeries ranged from 20 ml to 1000 ml with 
an average of 226.5 (165.26 σ). Seven patients (7.3%) received intraoperative transfusions of packed 
red blood cells, with 6 of these receiving 2 units and one receiving 3 units. This is similar to other 
reported findings for the rate of intraoperative non-prophylactic transfusions in myomectomy (7.5%) 
and amount transfused (2-3 units) (Acién & Quereda, 1996).

Transfusions for the current study were tracked from the time of the surgery and for up to 24 
hours following surgery completion. Prior research reports combined intraoperative and postoperative 
myomectomy transfusions at rates from 12% to 28% (Frederick, et al., 2002; Iverson Jr, et al., 1996; 
LaMorte, Lalwani, & Diamond, 1993). All cases of transfusions in the current study occurred 
for patients undergoing a minimally invasive surgery (i.e., laparoscopic, robotic, hysteroscopy, or 
combination thereof).

Model Development
ANN models are developed using backpropagation (both one and two hidden layer models) and also 
radial basis function (RBF) learning methods. These two methods are selected due to the robustness 
and wide application of backpropagation networks and the ability of RBF trained networks to work 
well when training data is very limited and the training data may be noisy (Walczak, & Cerpa, 1999). 
The first ANN model developed predicts preoperatively the EBL for individual myomectomy patients 
and the second ANN model preoperatively predicts if transfusions will be required intraoperatively 
or within a 24-hour period following the end of the myomectomy surgery. A 24-hour period is used 
since transfusions during this time are most likely a result of the surgery and not attributable to 
another comorbidity.

Various architectures are attempted for each of the ANN learning algorithms and number of 
hidden layers, following standard research practices for ANNs (Cruz, & Wishart, 2006; Walczak, & 
Cerpa, 1999; Zhang, 2007). The data is divided into distinct training and validation sets and two-fold 
cross validation is used, with each fold having approximately half of the transfusion cases. For each 
ANN model, the validation data sets are presented a single time and were not used in training the 
corresponding ANN model.

Table 1. Patient demographics

Demographic Value Mean (Standard Deviation (σ))

age (in years) 36 (4.96 σ)

BMI 28.26 (9.21 σ)

# of fibroids 3.3 (2.91 σ)

largest diameter* fibroid (in mm) 71.1 (27.75 σ)

preoperative hemoglobin 12.25 (1.46 σ)

preoperative hematocrit 37.7 (3.54 σ)

preoperative platelet count 293 (85.7 σ)

patient discharge (days after surgery) 0.58 (0.67 σ) (range 0-3)

*largest of longitudinal, anteroposterior, and transverse diameters
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The variables used in both ANN models are: age, body mass index (BMI), number of fibroids, 
location of fibroids, type of fibroids (i.e., submucosal, intramural, subserosal, pedunculated, unknown), 
largest diameter, preoperative hemoglobin, preoperative hematocrit, preoperative platelet count, 
and presence of anemia. All variables are numeric except for type and location of fibroids, which 
are categorical variables with 5 type and 4 location categories, and presence of anemia which is 
Boolean, resulting in an input vector of 17 variables. The EBL ANN predicts the EBL in milliliters 
(ml) and the transfusion ANN predicts if a transfusion will be needed intraoperatively or immediately 
following surgery.

The variables for the EBL and transfusion prediction ANN models are selected based on surgeon 
expert knowledge and prior research (as indicated below). The variables: age, number of fibroids, 
location of fibroids, and type of fibroids, are ubiquitous in myomectomy research (Advincula, et al., 
2004; Geidam, et al., 2011). Prior research has demonstrated that BMI is correlated with EBL (Frisch, 
et al., 2014; George, Eisenstein, & Wegienka, 2009). Other pathology results are also commonly 
associated with surgical bleeding and transfusion needs including: hematocrit (Bosch, et al., 2013; 
Chang et al., 2001; Frisch, et al., 2014), hemoglobin (Bosch, et al., 2013; Zheng, et al., 2002), and 
platelet count (Bosch, et al., 2013; Cammerer, et al., 2003; Despotis, et al., 1996; Frisch, et al., 2014; 
Orlov, et al., 2014; Petricevic, et al., 2015). Anemia has also been shown to correlate with thrombin and 
platelet generation, which are related to slowing bleeding (Scharbert, et al., 2011). Anemia has been 
shown to be correlated with significant morbidity and mortality as well as the need for transfusions 
(Hare, Freedman, & Mazer, 2013).

The RBF network models follow a Moody and Darken (1989) architecture with the prototype layer 
starting at 50 nodes and decreased by 10 nodes for each new RBF trained model until classification 

Figure 1. Architecture of backpropagation trained ANNs to predict: (a) EBL; and (b) Transfusion requirements
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performance decreases. Euclidean distance is used for the neighborhoods in the prototype layer. The 
first hidden layer for both the RBF and backpropagation trained ANNs starts at 10 perceptron nodes, 
to match the number of the different types of variables used as input, and is then increased and also 
decreased by 2 for successive iterations of the ANN models until validation accuracy drops by at least 
5%. ANN models with a second hidden layer and trained using backpropagation are also developed 
with the second hidden layer starting at half the number of perceptron nodes as the first hidden layer 
and also increased and decreased by 2 until accuracy drops by at least 5%.

A model comparison and selection approach (Swanson, & White, 1997) is used to compare 
the various ANN models and select the best performing ANN model for predicting surgical EBL 
and similarly for predicting any transfusion requirement for myomectomy patients. Performance for 
the preoperative EBL prediction ANN models is evaluated by mean error in ml. Performance for 
the preoperative transfusion prediction ANN models is evaluated by highest sensitivity and then 
highest overall accuracy. The best performing learning algorithm for both prediction problems was 
backpropagation using a single hidden layer: 10 nodes in the EBL ANN’s hidden layer and 8 nodes 
in the transfusion ANN’s hidden layer. The ANN architectures are shown in Figure 1.

EBL is typically reported following surgeries in graduations of either 100 ml or 50 ml by most 
surgeons (Kiran, et al., 2004) and was true for 69 or 96% respectively of the physicians performing 
surgeries for the current research. Since the EBL ANN’s prediction is a continuous value, the prediction 
is automatically rounded to the nearest 100 ml to be more meaningful to surgeons. The transfusion 
prediction ANN is interpreted as an indicator of the need for a transfusion of one or more units of 
blood product and is treated as a Boolean output of true or false.

Along with ANNs, regression models are the most popular modeling method employed for 
clinical decision making (Dreiseitl & Ohno-Machado, 2002; Mangiameli, West, & Rampal, 2004). 
Relative performance improvements afforded by ANNs are demonstrated by comparing these values 
to corresponding regression models that utilize the same input variables. A linear regression model 
is developed and used to evaluate the EBL ANN’s performance. A linear regression model is chosen 
over a logistic regression model since the EBL is a semi-continuous value as opposed to a categorical 
decision and hence is more appropriate (Mood, 2010; Tu, 1996). A logistic regression model is 
developed and used to evaluate the transfusion prediction ANN’s performance due to the discrete 
nature of the transfusion prediction (Mood, 2010; Tu, 1996).

Prior research has demonstrated that EBL is a primary indicator for transfusions (Chang et al., 
2001; Thurer, et al., 2017). Since EBL isn’t known until after the surgery, this value was not used in 
the initial transfusion prediction ANN, since all values are required to be available preoperatively. 
However, the EBL prediction ANN, shown in Figure 1, may be used for the preoperative prediction 
of intraoperative transfusions, if a sufficiently high EBL prediction accuracy is achieved.

Combining ANNs with other statistical, mathematical, and machine learning methods, including 
other ANNs, is a proven method for improving the outcome performance of ANNs (Walczak, 2012; 
Zhou, Wu, & Tang, 2002). The use of multiple ANNs to solve a single problem is known as an ensemble 
ANN. One means of combining multiple ANNs into an ensemble is to combine the output of one or 
more ANNs with other independent input variables to another ANN (Sharkey, 1999; Wolpert, 1992). 
The use of ensemble ANNs are just starting to be used in medical domains (García-Pedrajas, Hervás-
Martínez, & Ortiz-Boyer, 2005), though still vastly underutilized. One form of ensemble ANN that is 
more widely used in healthcare are convolutional ANNs for medical image analysis (Anthimopoulos, 
et al., 2016; Chen et al., 2017; Tajbakhsh, et al., 2016). An ensemble approach to combine the output 
of the preoperative EBL prediction ANN as an input value to the transfusion prediction ANN is used to 
develop a new ANN ensemble to predict the transfusion need of myomectomy patients. The ensemble 
system is depicted in Figure 2. An ensemble ANN that combines multiple ANNs successively and 
utilizes output from multiple layers of the ensemble is a novel ANN modeling approach for developing 
predictive diagnostic and prognostic models in healthcare.
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RESULTS

The prediction results for the EBL prediction ANN and corresponding regression are shown in Table 
2. EBL is typically estimated by surgeons and anaesthesiologists visually during or just after surgery 
(Algadiem, et al., 2016; Guinn, et al., 2013) and is commonly estimated to the nearest 50 ml or 100 
ml (Kiran, et al., 2004). The ANN predictions, which are continuous, are rounded to the nearest 100 

Figure 2. ANN combined ensemble model to predict EBL and transfusions

Table 2. ANN prediction results for EBL (N = 96)

ANN Predictions Regression

Average error 127.33 ml 131.87 ml

Perfect Predictions 20 (20.8%) 20 (20.8%)

Predictions within 50 ml 36 (37.5%) 30 (31.2%)

Predictions within 100 ml 56 (58.3%) 37 (38.5%)

Table 3. Stand-alone ANN and regression transfusion predictions

Transfusion 
(N = 7)

No 
Transfusion 

(N = 89)

ANN predicted transfusion 5 13

ANN predicted no transfusion 2 76

Regression predicted transfusion 4 22

Regression predicted no transfusion 3 67
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ml to better simulate practice. Table 2 also contains the result of a multiple linear regression model. 
The regression predictions are also rounded to the nearest 100 ml to maintain compatibility with the 
ANN predictions. The regression model without any rounding had an average error of 131.84 ml, with 
zero perfect predictions of EBL and 27 predictions within 50 ml and 37 predictions within 100 ml.

The original (non-ensemble) ANN transfusion predictions are shown in Table 3 along with logistic 
regression model results for the same variables. The ANN demonstrates a transfusion sensitivity of 
71.4% and a specificity of 85.4%, producing an overall accuracy of 84.4%. The comparable logistic 
regression model has a sensitivity of 57.1%, specificity of 75.3%, with an overall accuracy of 74.0%.

The prediction results for the new combination ensemble preoperative transfusion prediction ANN 
are shown in Table 4. The ANN demonstrates a 100% sensitivity and a 62.9% specificity, producing an 
overall accuracy of 65.6%. The overall accuracy and specificity of the new combined ensemble ANN 
are less than the original ANN model, however the sensitivity for predicting transfusion requirements 
is marginally significantly better than the original model that did not have any knowledge of EBL, 
with a p value of 0.0736 (or p < 0.10) calculated using a paired t-test for means with known variances.

DISCUSSION

The ANN preoperative EBL prediction model outperforms the regression model with regard to 
having a smaller average error, though this difference is not statistically significant. Further analysis 
beyond the average EBL prediction error looks at the percentage of predictions that perfectly mimic 
expert surgeons estimates of blood loss or are within a small discrepancy (50 or 100 ml) of surgeon 
estimations.

A perfect EBL prediction, shown in Table 2, means that the corresponding model’s preoperative 
prediction exactly matches the intraoperative and postoperative EBL of the surgeon. The regression 
model and ANN model have identical performance in this respect. Table 2 also shows predictions 
that were within 50 ml and 100 ml of the surgeon’s estimate, where the ANN model clearly has better 
performance than the regression model. These results imply that while the regression model has an 
identical number of perfect predictions compared to the ANN, it is making larger errors overall than the 
ANN model. These results for the within 50 ml and within 100 ml ANN predictions are significantly 
better than the regression model (p < .001), with Z-scores of 12.39 and 39.24 respectively. The ANN 
model presented here creates a method for clinicians to be aware preoperatively of the likely blood 
loss from myomectomy surgery and related complications, including transfusions. This will enable 
clinicians to be better prepared for related complications and postoperative morbidities.

The results also demonstrate that more accurate results occur when the regression model 
predictions (this is also true for the ANN) are rounded to the nearest 100 ml, to better simulate how 
clinicians estimate blood loss from surgeries. This technique may prove beneficial to future ANN 
and mathematical modeling research attempting to further improve preoperative predictions of EBL 
from various surgeries.

The EBL output is the same for both the stand-alone and ensemble ANN architectures, since 
the input vector and training is the same. However the ensemble ANN predictions for a probable 
transfusion differ, with the ensemble having 100% sensitivity versus 71.4% for the stand-alone 
transfusion prediction ANN, but at the sake of lower overall accuracy. The lower overall prediction 

Table 4. Combined ensemble ANN transfusion predictions for myomectomy patients

Transfusions (N = 7) No Transfusion (N = 89)

ANN predicted transfusion 7 33

ANN predicted no transfusion 0 56
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accuracy is an effect of the population distribution, since 92.7% of the studied population did not 
require any transfusion. Even so, the new combined ensemble ANN model is able to correctly predict 
almost 63% of those patients who will not require any interoperative transfusions. The original non-
ensemble ANN model also outperforms the logistic regression model, with better sensitivity that is 
not statistically significant, but with statistically significant better specificity and overall accuracy 
(p < .01).

The new ensemble ANN requires considering additional patients as likely to need a transfusion, 
which in turn may negatively affect the blood order supply. The fact that for the current population 
the ensemble ANN identifies 100% of the patients who will require transfusions is important, even 
at the cost of a slightly higher false positive prediction rate. The higher sensitivity can lead to higher 
quality patient care through a more readily available blood product supply for patients who will 
require an intraoperative transfusion. The significantly higher sensitivity also improves the negative 
predictive value (NPV) from 97.4% for the original preoperative myomectomy transfusion prediction 
ANN to 100% for the new combined ensemble ANN model. The higher NPV means that if a patient 
is predicted to not require any transfusion, then no blood products will be needed for that specific 
patient’s surgery.

Numerous research studies across a wide range of different types of surgeries have reported that 
significant blood loss and associated transfusions are highly correlated with postoperative morbidities 
and mortality (Carson, et al., 2002; Glance, et al., 2011; Karkouti, et al., 2004; Koch, et al., 2006). 
The new preoperative EBL and transfusion prediction combined ensemble ANN enables surgeons, 
anaesthesiologists, and follow up care team members to be more aware of possible complications and 
to be prepared to take proactive measures, such as changing antibiotic regimen and patient monitoring 
frequency. While the transfusion prediction portion of the ensemble ANN did have a lower specificity 
than the stand-alone ANN, which means that more patients who would not require a transfusion were 
identified as needing one, this does not mean that an actual transfusion would be delivered without 
clinical evidence to support the transfusion decision. Even though these patients were not transfused, 
the predicted EBL for the 40 transfusion predictions was just over 20 ml higher than the average EBL 
predicted for the 56 predictions that correctly indicated no transfusion requirement. This indicates 
that even though they were not transfused in real life, they might still have been at a higher risk for 
postoperative morbidities, coinciding with the need for increased attention from clinicians and possible 
changes in prognostic care. Combining the EBL prediction with the transfusion prediction would 
provide a heuristic method to further refine the ANN predictions and consequent care.

Limitations and Future Research
The current study was performed at a single site and used the surgical outcomes of patients treated 
by a small group of three surgeons. While the EBL and transfusion outcomes for this population 
were similar to several previous studies, the ability to generalize the results needs to be further 
evaluated to make sure that the results are not specific to the current population demographics or 
surgeon group. Although race and ethnicity were not considered as variables for the current ANN, the 
population was 45% African American, 37% Caucasian, 5% Asian, and 13% unspecified, with 16% 
of the total population having Hispanic ethnicity. Future research is needed to evaluate the proposed 
EBL ANN and both the stand alone transfusion prediction ANN and the combined ensemble ANN 
for transfusion prediction at other locations with differing population demographics and different 
surgeons to demonstrate generalizability of the results. However, because two fold cross validation 
is used, the results may be viewed as comprehensive for the current site and team of surgeons.

Although a number of different single hidden layer and two hidden layer architectures (number 
of hidden nodes per layer) were evaluated, not all possible architectures were attempted for time 
considerations. As such the results of the current research should be interpreted as the minimally 
achievable results for ANN models for preoperatively predicting EBL and transfusions for myomectomy 
surgeries. Additional future research could investigate additional architectures and also using other 
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evolutionary and machine learning techniques to better estimate the architecture and desired variables. 
Further research should also be performed to examine other possible input variables and different 
combinations of the current input variable set, which may further improve the ANN prediction result 
by eliminating noise from unnecessary variables (Walczak, & Cerpa, 1999). While the current ANN 
results are compared against regression models, future research could also compare the results of 
the ANN and ANN ensemble models against another commonly used machine learning approach in 
medicine: decision trees and random forests.

Finally, the current research predicts if any transfusion will occur. Future research, using 
previously unused ensemble ANNs for transfusion prediction could examine predictions of the actual 
quantity of transfusions to occur, which for the current research was 0-3 units of packed red blood 
cells. The ensemble ANN methodology serves as a model for improving transfusion predictions and 
may work well for predicting the actual number of units for other surgeries that have a wider range 
of administered transfusions.

Clinical Application
While the research presented demonstrated a new ensemble ANN architecture for predicting EBL, 
this study shows a proof of concept, demonstrating the efficacy of ensemble ANNs for predicting 
EBL and transfusions to guide preparation for surgery and indicate to clinical teams possible surgery 
related complications. Clinical implementation of the ANN as a clinical decision support (CDS) tool 
is achievable.

The patient demographics of age and BMI should already be available from the patient’s electronic 
medical record (EMR). Additionally, since scans of the tumors are done prior to surgery these notes 
will also be available in the EMR. Blood pathology is typically ordered from days to just before 
surgery. Utilization of the described ANN ensemble would require blood pathology to be completed 
sufficiently far in advance of surgery to enable ordering of appropriate blood supplies. Modern 
medical systems will automatically load test results into a patient’s EMR. Kuperman et al. (2007) 
state that intelligent CDS systems are becoming ever more embedded within EMRs. Other research 
has reviewed the positive clinical outcomes associated with electronic CDS systems (Pawloski, et 
al., 2019). Therefore, it is possible to implement the ensemble ANN as an electronic CDS embedded 
within EMR systems, to automatically have access to the required preoperative variables, to predict 
EBL and transfusions. Alternatively, the ensemble ANN could easily be implemented as a stand-alone 
electronic CDS that would have values entered from an EMR. Future applied research is needed to 
develop the clinical implementation and evaluate the effectiveness in managing blood order supply 
and improving patient outcomes.

CONCLUSION

The presented research demonstrates the efficacy of ANN models for predicting surgical blood loss 
and transfusion requirements for myomectomy surgery patients. A combined ensemble style ANN 
is developed that utilizes the output of the EBL prediction ANN as an input value to improve the 
sensitivity of transfusion predictions. Utilizing the predictive output of ANNs from multiple layers 
within the combined ensemble ANN is a new architecture that should be considered for clinical 
diagnostic and prognostic prediction models of correlated outcomes. Ensemble ANNs have been 
significantly underutilized in medical research. The improved sensitivity indicates that ensemble 
ANNs should be considered as a modeling alternative in cases where increased sensitivity is desired, 
with a possible tradeoff in reduced specificity.

Evaluating EBL has always been a difficult problem for surgeons and anaesthesiologists and 
is prone to error (Algadiem, et al., 2016; Eipe, & Ponniah, 2006; Guinn, et al., 2013). The EBL 
prediction ANN provides a machine learning based method to preoperatively predict surgical blood 
loss with reasonable accuracy, perfectly predicting almost 21% of the studied surgical cases and 
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predicting an additional 37.5% within 100 ml of actual EBL. This enables prognostic prediction 
ANNs to utilize previously unavailable information such as surgical blood loss, utilizing the designed 
ensemble architecture.

The reported research has two primary contributions and a secondary contribution (2.a):

1. 	 The efficacy of utilizing ensemble ANN architectures for medical diagnostic and prognostic 
systems has been demonstrated and specifically shown to improve the sensitivity for transfusions 
predictions over non-ensemble ANN architectures;

2. 	 An ANN approach for preoperatively predicting EBL has been developed. When used in an 
ensemble ANN. This permits the introduction of previously unavailable variables for preoperative 
prediction of outcomes:
a. 	 The demonstrated capability of ANNs to predict EBL and transfusions may be used to help 

identify patients who are at increased risk of post-surgical morbidities and mortality.



International Journal of Healthcare Information Systems and Informatics
Volume 16 • Issue 1 • January-March 2021

11

REFERENCES

Acién, P., & Quereda, F. (1996). Abdominal myomectomy: Results of a simple operative technique. Fertility 
and Sterility, 65(1), 41–51. doi:10.1016/S0015-0282(16)58025-X PMID:8557153

Advincula, A. P., Song, A., Burke, W., & Reynolds, K. R. (2004). Preliminary experience with robot-assisted 
laparoscopic myomectomy. The Journal of the American Association of Gynecologic Laparoscopists, 11(4), 
511–518. doi:10.1016/S1074-3804(05)60085-0 PMID:15701195

Algadiem, E. A., Aleisa, A. A., Alsubaie, H. I., Buhlaiqah, N. R., Algadeeb, J. B., & Alsneini, H. A. (2016). Blood 
loss estimation using gauze visual analogue. Trauma Monthly, 21(2), e34131. doi:10.5812/traumamon.34131 
PMID:27626017

Andrade, F. F., Salazar, A., Naguib, M., Rodriguez, R., & Carugno, J. A. (2017). Perioperative morbidity 
associated with abdominal myomectomy compared with abdominal hysterectomy for very large fibroid uterus. 
Journal of Minimally Invasive Gynecology, 24(7, Suppl.), S176. doi:10.1016/j.jmig.2017.08.571

Anthimopoulos, M., Christodoulidis, S., Ebner, L., Christe, A., & Mougiakakou, S. (2016). Lung pattern 
classification for interstitial lung diseases using a deep convolutional neural network. IEEE Transactions on 
Medical Imaging, 35(5), 1207–1216. doi:10.1109/TMI.2016.2535865 PMID:26955021

Bosch, Y., Al Dieri, R., Ten Cate, H., Nelemans, P., Bloemen, S., Hemker, C., Weerwind, P., Maessen, J., & 
Mochtar, B. (2013). Preoperative thrombin generation is predictive for the risk of blood loss after cardiac surgery: 
A research article. Journal of Cardiothoracic Surgery, 8(1), 154. doi:10.1186/1749-8090-8-154 PMID:23758688

Brecher, M. E., Monk, T., & Goodnough, L. T. (1997). A standardized method for calculating blood loss. 
Transfusion, 37(10), 1070–1074. doi:10.1046/j.1537-2995.1997.371098016448.x PMID:9354828

Cammerer, U., Dietrich, W., Rampf, T., Braun, S. L., & Richter, J. A. (2003). The predictive value of modified 
computerized thromboelastography and platelet function analysis for postoperative blood loss in routine cardiac 
surgery. Anesthesia and Analgesia, 96(1), 51–57. PMID:12505922

Carson, J. L., Noveck, H., Berlin, J. A., & Gould, S. A. (2002). Mortality and morbidity in patients with very 
low postoperative Hb levels who decline blood transfusion. Transfusion, 42(7), 812–818. doi:10.1046/j.1537-
2995.2002.00123.x PMID:12375651

Chang, S. S., Smith, J. A., Wells, N., Peterson, M., Kovach, B., & Cookson, M. S. (2001). Estimated blood loss 
and transfusion requirements of radical cystectomy. The Journal of Urology, 166(6), 2151–2154. doi:10.1016/
S0022-5347(05)65524-3 PMID:11696725

Chen, M., Shi, X., Zhang, Y., Wu, D., & Guizani, M. (2017). Deep features learning for medical image analysis with 
convolutional autoencoder neural network. IEEE Transactions on Big Data. doi:10.1109/TBDATA.2017.2717439

Choo, S. M., Yeo, S. W., & Thomas, E. (1998). Streptococcal toxic shock-like syndrome in a post-myomectomy 
patient. Hong Kong Medical Journal, 4(1), 52–56. PMID:11832554

Covin, R., O’Brien, M., Grunwald, G., Brimhall, B., Sethi, G., Walczak, S., Reiquam, W., Rajagopalan, C., & 
Shroyer, A. L. (2003). Factors affecting transfusion of fresh frozen plasma, platelets, and red blood cells during 
elective coronary artery bypass graft surgery. Archives of Pathology & Laboratory Medicine, 127(4), 415–423. 
PMID:12683868

Cruz, J. A., & Wishart, D. S. (2006). Applications of machine learning in cancer prediction and prognosis. 
Cancer Informatics, 2, 59–78. doi:10.1177/117693510600200030 PMID:19458758

Cunningham, P., Carney, J., & Jacob, S. (2000). Stability problems with artificial neural networks and the 
ensemble solution. Artificial Intelligence in Medicine, 20(3), 217–225. doi:10.1016/S0933-3657(00)00065-8 
PMID:10998588

Despotis, G. J., Filos, K. S., Zoys, T. N., Hogue, C. W., Spitznagel, E., & Lappas, D. G. (1996). Factors associated 
with excessive postoperative blood loss and hemostatic transfusion requirements: A multivariate analysis in 
cardiac surgical patients. Anesthesia and Analgesia, 82(1), 13–21. PMID:8712388

Dreiseitl, S., & Ohno-Machado, L. (2002). Logistic regression and artificial neural network classification 
models: A methodology review. Journal of Biomedical Informatics, 35(5-6), 352–359. doi:10.1016/S1532-
0464(03)00034-0 PMID:12968784

http://dx.doi.org/10.1016/S0015-0282(16)58025-X
http://www.ncbi.nlm.nih.gov/pubmed/8557153
http://dx.doi.org/10.1016/S1074-3804(05)60085-0
http://www.ncbi.nlm.nih.gov/pubmed/15701195
http://dx.doi.org/10.5812/traumamon.34131
http://www.ncbi.nlm.nih.gov/pubmed/27626017
http://dx.doi.org/10.1016/j.jmig.2017.08.571
http://dx.doi.org/10.1109/TMI.2016.2535865
http://www.ncbi.nlm.nih.gov/pubmed/26955021
http://dx.doi.org/10.1186/1749-8090-8-154
http://www.ncbi.nlm.nih.gov/pubmed/23758688
http://dx.doi.org/10.1046/j.1537-2995.1997.371098016448.x
http://www.ncbi.nlm.nih.gov/pubmed/9354828
http://www.ncbi.nlm.nih.gov/pubmed/12505922
http://dx.doi.org/10.1046/j.1537-2995.2002.00123.x
http://dx.doi.org/10.1046/j.1537-2995.2002.00123.x
http://www.ncbi.nlm.nih.gov/pubmed/12375651
http://dx.doi.org/10.1016/S0022-5347(05)65524-3
http://dx.doi.org/10.1016/S0022-5347(05)65524-3
http://www.ncbi.nlm.nih.gov/pubmed/11696725
http://dx.doi.org/10.1109/TBDATA.2017.2717439
http://www.ncbi.nlm.nih.gov/pubmed/11832554
http://www.ncbi.nlm.nih.gov/pubmed/12683868
http://dx.doi.org/10.1177/117693510600200030
http://www.ncbi.nlm.nih.gov/pubmed/19458758
http://dx.doi.org/10.1016/S0933-3657(00)00065-8
http://www.ncbi.nlm.nih.gov/pubmed/10998588
http://www.ncbi.nlm.nih.gov/pubmed/8712388
http://dx.doi.org/10.1016/S1532-0464(03)00034-0
http://dx.doi.org/10.1016/S1532-0464(03)00034-0
http://www.ncbi.nlm.nih.gov/pubmed/12968784


International Journal of Healthcare Information Systems and Informatics
Volume 16 • Issue 1 • January-March 2021

12

Eipe, N., & Ponniah, M. (2006). Perioperative blood loss assessment-how accurate. Indian Journal of Anaesthesia, 
50(1), 35–38.

Erickson, C. (2018a). Largest Tampa Bay Hospitals. Tampa Bay Business Journal. Available: https://www.
bizjournals.com/tampabay/ subscriber-only/2018/10/29/ largest-tampa-bay-hospitals.html

Erickson, C. (2018b). Largest Hospitals in Florida. Tampa Bay Business Journal. Available: https://www.
bizjournals.com/ tampabay/subscriber-only/2018/11/02/ largest-hospitals-in-florida.html

Frederick, J., Hardie, M., Reid, M., Fletcher, H., Wynter, S., & Frederick, C. (2002). Operative morbidity and 
reproductive outcome in secondary myomectomy: A prospective cohort study. Human Reproduction (Oxford, 
England), 17(11), 2967–2971. doi:10.1093/humrep/17.11.2967 PMID:12407058

Frisch, N. B., Wessell, N. M., Charters, M. A., Yu, S., Jeffries, J. J., & Silverton, C. D. (2014). Predictors and 
complications of blood transfusion in total hip and knee arthroplasty. The Journal of Arthroplasty, 29(9), 189–192. 
doi:10.1016/j.arth.2014.03.048 PMID:25007727

Fuldeore, M. J., & Soliman, A. M. (2017). Patient-reported prevalence and symptomatic burden of uterine fibroids 
among women in the United States: Findings from a cross-sectional survey analysis. International Journal of 
Women’s Health, 9, 403–411. doi:10.2147/IJWH.S133212 PMID:28652819

García-Pedrajas, N., Hervás-Martínez, C., & Ortiz-Boyer, D. (2005). Cooperative coevolution of artificial neural 
network ensembles for pattern classification. IEEE Transactions on Evolutionary Computation, 9(3), 271–302. 
doi:10.1109/TEVC.2005.844158

Geidam, A. D., Lawan, Z. M., Chama, C., & Bako, B. G. (2011). Indications and outcome of abdominal 
myomectomy in University of Maiduguri Teaching Hospital: Review of ten year. Nigerian Medical Journal, 
52(3), 193–197. doi:10.4103/0300-1652.86139 PMID:22083372

George, A., Eisenstein, D., & Wegienka, G. (2009). Analysis of the impact of body mass index on the surgical 
outcomes after robot-assisted laparoscopic myomectomy. Journal of Minimally Invasive Gynecology, 16(6), 
730–733. doi:10.1016/j.jmig.2009.07.014 PMID:19896599

Glance, L. G., Dick, A. W., Mukamel, D. B., Fleming, F. J., Zollo, R. A., Wissler, R., Salloum, R., Meredith, U. 
W., & Osler, T. M. (2011). Association between intraoperative blood transfusion and mortality and morbidity in 
patients undergoing noncardiac surgery. Anesthesiology: The Journal of the American Society of Anesthesiologists, 
114(2), 283–292. doi:10.1097/ALN.0b013e3182054d06 PMID:21239971

Guinn, N. R., Broomer, B. W., White, W., Richardson, W., & Hill, S. E. (2013). Comparison of visually estimated 
blood loss with direct hemoglobin measurement in multilevel spine surgery. Transfusion, 53(11), 2790–2794. 
doi:10.1111/trf.12119 PMID:23438094

Hamoda, H., Tait, P., & Edmonds, D. K. (2009). Fatal pulmonary embolus after uterine artery fibroid 
embolization. Cardiovascular and Interventional Radiology, 32(5), 1080–1082. doi:10.1007/s00270-009-9589-4 
PMID:19449063

Hare, G. M., Freedman, J., & Mazer, C. D. (2013). Risks of anemia and related management strategies: Can 
perioperative blood management improve patient safety? Canadian Journal of Anaesthesia, 60(2), 168–175. 
doi:10.1007/s12630-012-9861-y PMID:23354944

Iverson, R. E. Jr, Chelmow, D., Strohbehn, K., Waldman, L., & Evantash, E. G. (1996). Relative morbidity of 
abdominal hysterectomy and myomectomy for management of uterine leiomyomas. Obstetrics and Gynecology, 
88(3), 415–419. doi:10.1016/0029-7844(96)00218-9 PMID:8752251

Jarnagin, W. R., Gonen, M., Fong, Y., DeMatteo, R. P., Ben-Porat, L., Little, S., Corvera, C., Weber, S., & 
Blumgart, L. H. (2002). Improvement in perioperative outcome after hepatic resection: Analysis of 1,803 
consecutive cases over the past decade. Annals of Surgery, 236(4), 397–407. doi:10.1097/00000658-200210000-
00001 PMID:12368667

Jayakumaran, J., Patel, S. D., Gangrade, B. K., Narasimhulu, D. M., Pandian, S. R., & Silva, C. (2017). Robotic-
assisted laparoscopy in reproductive surgery: A contemporary review. Journal of Robotic Surgery, 11(2), 97–109. 
doi:10.1007/s11701-017-0682-4 PMID:28194637

https://www.bizjournals.com/tampabay/subscriber-only/2018/10/29/largest-tampa-bay-hospitals.html
https://www.bizjournals.com/tampabay/subscriber-only/2018/10/29/largest-tampa-bay-hospitals.html
https://www.bizjournals.com/tampabay/subscriber-only/2018/11/02/largest-hospitals-in-florida.html
https://www.bizjournals.com/tampabay/subscriber-only/2018/11/02/largest-hospitals-in-florida.html
http://dx.doi.org/10.1093/humrep/17.11.2967
http://www.ncbi.nlm.nih.gov/pubmed/12407058
http://dx.doi.org/10.1016/j.arth.2014.03.048
http://www.ncbi.nlm.nih.gov/pubmed/25007727
http://dx.doi.org/10.2147/IJWH.S133212
http://www.ncbi.nlm.nih.gov/pubmed/28652819
http://dx.doi.org/10.1109/TEVC.2005.844158
http://dx.doi.org/10.4103/0300-1652.86139
http://www.ncbi.nlm.nih.gov/pubmed/22083372
http://dx.doi.org/10.1016/j.jmig.2009.07.014
http://www.ncbi.nlm.nih.gov/pubmed/19896599
http://dx.doi.org/10.1097/ALN.0b013e3182054d06
http://www.ncbi.nlm.nih.gov/pubmed/21239971
http://dx.doi.org/10.1111/trf.12119
http://www.ncbi.nlm.nih.gov/pubmed/23438094
http://dx.doi.org/10.1007/s00270-009-9589-4
http://www.ncbi.nlm.nih.gov/pubmed/19449063
http://dx.doi.org/10.1007/s12630-012-9861-y
http://www.ncbi.nlm.nih.gov/pubmed/23354944
http://dx.doi.org/10.1016/0029-7844(96)00218-9
http://www.ncbi.nlm.nih.gov/pubmed/8752251
http://dx.doi.org/10.1097/00000658-200210000-00001
http://dx.doi.org/10.1097/00000658-200210000-00001
http://www.ncbi.nlm.nih.gov/pubmed/12368667
http://dx.doi.org/10.1007/s11701-017-0682-4
http://www.ncbi.nlm.nih.gov/pubmed/28194637


International Journal of Healthcare Information Systems and Informatics
Volume 16 • Issue 1 • January-March 2021

13

Jin, C., Hu, Y., Chen, X. C., Zheng, F. Y., Lin, F., Zhou, K., & Gu, H. Z. (2009). Laparoscopic versus open 
myomectomy—A meta-analysis of randomized controlled trials. European Journal of Obstetrics, Gynecology, 
and Reproductive Biology, 145(1), 14–21. doi:10.1016/j.ejogrb.2009.03.009 PMID:19398260

Karkouti, K., Wijeysundera, D. N., Yau, T. M., Beattie, W. S., Abdelnaem, E., McCluskey, S. A., Ghannam, 
M., Yeo, E., Djaiani, G., & Karski, J. (2004). The independent association of massive blood loss with mortality 
in cardiac surgery. Transfusion, 44(10), 1453–1462. doi:10.1111/j.1537-2995.2004.04144.x PMID:15383018

Katz, S. C., Shia, J., Liau, K. H., Gonen, M., Ruo, L., Jarnagin, W. R., Fong, Y., D’angelica, M. I., Blumgart, 
L. H., & DeMatteo, R. P. (2009). Operative blood loss independently predicts recurrence and survival after 
resection of hepatocellular carcinoma. Annals of Surgery, 249(4), 617–623. doi:10.1097/SLA.0b013e31819ed22f 
PMID:19300227

Katz, Y., Moscovici, R., Prego, G., Merzel, Y., Kniznik, D., & Lev, A. (2001). A death following hysteroscopic 
myomectomy. Gynaecological Endoscopy, 10(5-6), 367–370. doi:10.1046/j.1365-2508.2001.00454.x

Kiran, R. P., Delaney, C. P., Senagore, A. J., Millward, B. L., & Fazio, V. W. (2004). Operative blood loss and use 
of blood products after laparoscopic and conventional open colorectal operations. Archives of Surgery, 139(1), 
39–42. doi:10.1001/archsurg.139.1.39 PMID:14718273

Koch, C. G., Li, L., Duncan, A. I., Mihaljevic, T., Cosgrove, D. M., Loop, F. D., Starr, N. J., & Blackstone, 
E. H. (2006). Morbidity and mortality risk associated with red blood cell and blood-component transfusion 
in isolated coronary artery bypass grafting. Critical Care Medicine, 34(6), 1608–1616. doi:10.1097/01.
CCM.0000217920.48559.D8 PMID:16607235

Kourou, K., Exarchos, T. P., Exarchos, K. P., Karamouzis, M. V., & Fotiadis, D. I. (2015). Machine learning 
applications in cancer prognosis and prediction. Computational and Structural Biotechnology Journal, 13, 8–17. 
doi:10.1016/j.csbj.2014.11.005 PMID:25750696

Kuperman, G. J., Bobb, A., Payne, T. H., Avery, A. J., Gandhi, T. K., Burns, G., Classen, D. C., & Bates, 
D. W. (2007). Medication-related clinical decision support in computerized provider order entry systems: A 
review. Journal of the American Medical Informatics Association, 14(1), 29–40. doi:10.1197/jamia.M2170 
PMID:17068355

LaMorte, A. I., Lalwani, S., & Diamond, M. P. (1993). Morbidity associated with abdominal myomectomy. 
Obstetrics and Gynecology, 82(6), 897–900. PMID:8233261

Mangiameli, P., West, D., & Rampal, R. (2004). Model selection for medical diagnosis decision support systems. 
Decision Support Systems, 36(3), 247–259. doi:10.1016/S0167-9236(02)00143-4

Mood, C. (2010). Logistic regression: Why we cannot do what we think we can do, and what we can do about 
it. European Sociological Review, 26(1), 67–82. doi:10.1093/esr/jcp006

Moody, J., & Darken, C. J. (1989). Fast learning in networks of locally-tuned processing units. Neural 
Computation, 1(2), 281–294. doi:10.1162/neco.1989.1.2.281

Orlov, D., McCluskey, S. A., Selby, R., Yip, P., Pendergrast, J., & Karkouti, K. (2014). Platelet dysfunction as 
measured by a point-of-care monitor is an independent predictor of high blood loss in cardiac surgery. Anesthesia 
and Analgesia, 118(2), 257–263. doi:10.1213/ANE.0000000000000054 PMID:24445626

Pawloski, P. A., Brooks, G. A., Nielsen, M. E., & Olson-Bullis, B. A. (2019). A systematic review of clinical 
decision support systems for clinical oncology practice. Journal of the National Comprehensive Cancer Network: 
JNCCN, 17(4), 331–338. doi:10.6004/jnccn.2018.7104 PMID:30959468

Petricevic, M., Kopjar, T., Biocina, B., Milicic, D., Kolic, K., Boban, M., Skoric, B., Lekic, A., & Gasparovic, H. 
(2015). The predictive value of platelet function point-of-care tests for postoperative blood loss and transfusion 
in routine cardiac surgery: A systematic review. The Thoracic and Cardiovascular Surgeon, 63(1), 2–20. 
PMID:24983736

Sawin, S. W., Pilevsky, N. D., Berlin, J. A., & Barnhart, K. T. (2000). Comparability of perioperative morbidity 
between abdominal myomectomy and hysterectomy for women with uterine leiomyomas. American Journal of 
Obstetrics and Gynecology, 183(6), 1448–1455. doi:10.1067/mob.2000.107730 PMID:11120509

Scharbert, G., Wetzel, L., Berlinger, L., & Kozek-Langenecker, S. (2011). P445 - Effect of anemia on coagulation 
and platelet function: A whole blood in vitro study. Critical Care (London, England), 15(1, Supp.), S157.

http://dx.doi.org/10.1016/j.ejogrb.2009.03.009
http://www.ncbi.nlm.nih.gov/pubmed/19398260
http://dx.doi.org/10.1111/j.1537-2995.2004.04144.x
http://www.ncbi.nlm.nih.gov/pubmed/15383018
http://dx.doi.org/10.1097/SLA.0b013e31819ed22f
http://www.ncbi.nlm.nih.gov/pubmed/19300227
http://dx.doi.org/10.1046/j.1365-2508.2001.00454.x
http://dx.doi.org/10.1001/archsurg.139.1.39
http://www.ncbi.nlm.nih.gov/pubmed/14718273
http://dx.doi.org/10.1097/01.CCM.0000217920.48559.D8
http://dx.doi.org/10.1097/01.CCM.0000217920.48559.D8
http://www.ncbi.nlm.nih.gov/pubmed/16607235
http://dx.doi.org/10.1016/j.csbj.2014.11.005
http://www.ncbi.nlm.nih.gov/pubmed/25750696
http://dx.doi.org/10.1197/jamia.M2170
http://www.ncbi.nlm.nih.gov/pubmed/17068355
http://www.ncbi.nlm.nih.gov/pubmed/8233261
http://dx.doi.org/10.1016/S0167-9236(02)00143-4
http://dx.doi.org/10.1093/esr/jcp006
http://dx.doi.org/10.1162/neco.1989.1.2.281
http://dx.doi.org/10.1213/ANE.0000000000000054
http://www.ncbi.nlm.nih.gov/pubmed/24445626
http://dx.doi.org/10.6004/jnccn.2018.7104
http://www.ncbi.nlm.nih.gov/pubmed/30959468
http://www.ncbi.nlm.nih.gov/pubmed/24983736
http://dx.doi.org/10.1067/mob.2000.107730
http://www.ncbi.nlm.nih.gov/pubmed/11120509


International Journal of Healthcare Information Systems and Informatics
Volume 16 • Issue 1 • January-March 2021

14

Shaikhina, T., & Khovanova, N. A. (2017). Handling limited datasets with neural networks in medical applications: 
A small-data approach. Artificial Intelligence in Medicine, 75, 51–63. doi:10.1016/j.artmed.2016.12.003 
PMID:28363456

Sharkey, A. J. C. (1999). Multi-net systems. In A. J. C. Sharkey (Ed.), Combining Artificial Neural Nets (pp. 
1–30). Springer. doi:10.1007/978-1-4471-0793-4_1

Sørensen, L. T., Hemmingsen, U., Kallehave, F., Wille-Jørgensen, P., Kjærgaard, J., Møller, L. N., & Jørgensen, 
T. (2005). Risk factors for tissue and wound complications in gastrointestinal surgery. Annals of Surgery, 241(4), 
654–658. doi:10.1097/01.sla.0000157131.84130.12 PMID:15798468

Stoller, M. L., Wolf, J. S., & St. Lezin, M. A. (1994). Estimated blood loss and transfusion rates associated with 
percutaneous nephrolithotomy. The Journal of Urology, 152(6), 1977–1981. doi:10.1016/S0022-5347(17)32283-
8 PMID:7966654

Swanson, N. R., & White, H. (1997). A model selection approach to real-time macroeconomic forecasting 
using linear models and artificial neural networks. The Review of Economics and Statistics, 79(4), 540–550. 
doi:10.1162/003465397557123

Tajbakhsh, N., Shin, J. Y., Gurudu, S. R., Hurst, R. T., Kendall, C. B., Gotway, M. B., & Liang, J. (2016). 
Convolutional neural networks for medical image analysis: Full training or fine tuning? IEEE Transactions on 
Medical Imaging, 35(5), 1299–1312. doi:10.1109/TMI.2016.2535302 PMID:26978662

Thurer, R. L., Castro, J. M., Javidroozi, M., Burton, K., & Bernal, N. P. (2017). Accurate measurement of 
intraoperative blood loss improves prediction of postoperative hemoglobin levels. Journal of Anesthesia & 
Clinical Research, 8(7), 743. doi:10.4172/2155-6148.1000743

Tu, J. V. (1996). Advantages and disadvantages of using artificial neural networks versus logistic regression 
for predicting medical outcomes. Journal of Clinical Epidemiology, 49(11), 1225–1231. doi:10.1016/S0895-
4356(96)00002-9 PMID:8892489

Walczak, S. (2012). Methodological triangulation using neural networks for business research. Advances in 
Artificial Neural Systems, 517234, 1–12. Advance online publication. doi:10.1155/2012/517234

Walczak, S. (2018). The role of artificial intelligence in clinical decision support systems and a classification 
framework. International Journal of Computers in Clinical Practice, 3(2), 31–47. doi:10.4018/IJCCP.2018070103

Walczak, S., & Cerpa, N. (1999). Heuristic principles for the design of artificial neural networks. Information 
and Software Technology, 41(2), 107–117. doi:10.1016/S0950-5849(98)00116-5

Walczak, S., & Scharf, J. E. (2000). Reducing surgical patient costs through use of an artificial neural network to 
predict transfusion requirements. Decision Support Systems, 30(2), 125–138. doi:10.1016/S0167-9236(00)00093-2

Wolpert, D. H. (1992). Stacked generalization. Neural Networks, 5(2), 241–259. doi:10.1016/S0893-
6080(05)80023-1 PMID:18276425

Wu, W. C., Smith, T. S., Henderson, W. G., Eaton, C. B., Poses, R. M., Uttley, G., Mor, V., Sharma, S. C., 
Vezeridis, M., Khuri, S. F., & Friedmann, P. D. (2010). Operative blood loss, blood transfusion, and 30-day 
mortality in older patients after major noncardiac surgery. Annals of Surgery, 252(1), 11–17. doi:10.1097/
SLA.0b013e3181e3e43f PMID:20505504

Wu, W. C., Trivedi, A., Friedmann, P. D., Henderson, W. G., Smith, T. S., Poses, R. M., Uttley, G., Vezeridis, 
M., Eaton, C. B., & Mor, V. (2012). Association between hospital intraoperative blood transfusion practices 
for surgical blood loss and hospital surgical mortality rates. Annals of Surgery, 255(4), 708–714. doi:10.1097/
SLA.0b013e31824a55b9 PMID:22367442

Xie, J., Su, B., Li, C., Lin, K., Li, H., Hu, Y., & Kong, G. (2017). A review of modeling methods for predicting 
in-hospital mortality of patients in intensive care unit. Journal of Emergency and Critical Care Medicine, 1(8), 
18. doi:10.21037/jeccm.2017.08.03

Yu, X., Xiao, H., Wang, R., & Huang, Y. (2013). Prediction of massive blood loss in scoliosis surgery from 
preoperative variables. Spine, 38(4), 350–355. doi:10.1097/BRS.0b013e31826c63cb PMID:22872215

Zhang, G. P. (2007). Avoiding pitfalls in neural network research. IEEE Transactions on Systems, Man, and 
Cybernetics. Part C, 37(1), 3–16.

http://dx.doi.org/10.1016/j.artmed.2016.12.003
http://www.ncbi.nlm.nih.gov/pubmed/28363456
http://dx.doi.org/10.1007/978-1-4471-0793-4_1
http://dx.doi.org/10.1097/01.sla.0000157131.84130.12
http://www.ncbi.nlm.nih.gov/pubmed/15798468
http://dx.doi.org/10.1016/S0022-5347(17)32283-8
http://dx.doi.org/10.1016/S0022-5347(17)32283-8
http://www.ncbi.nlm.nih.gov/pubmed/7966654
http://dx.doi.org/10.1162/003465397557123
http://dx.doi.org/10.1109/TMI.2016.2535302
http://www.ncbi.nlm.nih.gov/pubmed/26978662
http://dx.doi.org/10.4172/2155-6148.1000743
http://dx.doi.org/10.1016/S0895-4356(96)00002-9
http://dx.doi.org/10.1016/S0895-4356(96)00002-9
http://www.ncbi.nlm.nih.gov/pubmed/8892489
http://dx.doi.org/10.1155/2012/517234
http://dx.doi.org/10.4018/IJCCP.2018070103
http://dx.doi.org/10.1016/S0950-5849(98)00116-5
http://dx.doi.org/10.1016/S0167-9236(00)00093-2
http://dx.doi.org/10.1016/S0893-6080(05)80023-1
http://dx.doi.org/10.1016/S0893-6080(05)80023-1
http://www.ncbi.nlm.nih.gov/pubmed/18276425
http://dx.doi.org/10.1097/SLA.0b013e3181e3e43f
http://dx.doi.org/10.1097/SLA.0b013e3181e3e43f
http://www.ncbi.nlm.nih.gov/pubmed/20505504
http://dx.doi.org/10.1097/SLA.0b013e31824a55b9
http://dx.doi.org/10.1097/SLA.0b013e31824a55b9
http://www.ncbi.nlm.nih.gov/pubmed/22367442
http://dx.doi.org/10.21037/jeccm.2017.08.03
http://dx.doi.org/10.1097/BRS.0b013e31826c63cb
http://www.ncbi.nlm.nih.gov/pubmed/22872215


International Journal of Healthcare Information Systems and Informatics
Volume 16 • Issue 1 • January-March 2021

15

Steven Walczak, Ph.D., is an Associate Professor of Health Information Science in the School of Information 
at the University of South Florida, with a joint appointment to the Florida Center for Cybersecurity. His research 
interests are in applied artificial intelligence, particularly in the area of medical diagnostic and prognostic decision 
support systems.

Emad Mikhail, M.D., earned his Bachelor of Medicine and Bachelor of Surgery from Cairo University. He completed 
his Internship at Cairo University Hospitals and his Residency in Obstetrics and Gynecology at University of Toledo 
Medical Center. He served as the peer selected administrative Chief Resident at University of Toledo Medical 
Center. Dr. Mikhail joined the Department of Obstetrics and Gynecology as Assistant Professor in July,2012. Dr. 
Mikhail is the recipient of the Outstanding Clinical Performance Award from University of Toledo and Special Award 
in Minimal Invasive Surgery from University of Toledo. His clinical/research interests include Minimally Invasive 
Gynecologic Surgery. Dr. Mikhail sees patients at the USF Health Morsani Center for Advanced Healthcare, USF 
Health South Tampa Center for Advanced Healthcare and Tampa General Hospital.

Zheng, F., Cammisa, F. P. Jr, Sandhu, H. S., Girardi, F. P., & Khan, S. N. (2002). Factors predicting hospital stay, 
operative time, blood loss, and transfusion in patients undergoing revision posterior lumbar spine decompression, 
fusion, and segmental instrumentation. Spine, 27(8), 818–824. doi:10.1097/00007632-200204150-00008 
PMID:11935103

Zhou, Z. H., Wu, J., & Tang, W. (2002). Ensembling neural networks: Many could be better than all. Artificial 
Intelligence, 137(1-2), 239–263. doi:10.1016/S0004-3702(02)00190-X

Zimmermann, A., Bernuit, D., Gerlinger, C., Schaefers, M., & Geppert, K. (2012). Prevalence, symptoms and 
management of uterine fibroids: An international internet-based survey of 21,746 women. BMC Women’s Health, 
12(1), 6. doi:10.1186/1472-6874-12-6 PMID:22448610

http://dx.doi.org/10.1097/00007632-200204150-00008
http://www.ncbi.nlm.nih.gov/pubmed/11935103
http://dx.doi.org/10.1016/S0004-3702(02)00190-X
http://dx.doi.org/10.1186/1472-6874-12-6
http://www.ncbi.nlm.nih.gov/pubmed/22448610

