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Abstract 

The operating theater (OT) is one of a hospital’s scarcest resources and accounts for most of its 

revenue and expenses. ChipSoft, the company involved in this research, inter alia facilitate planning of 

the OT with their hospital information management system (HIMS). In their HIMS, surgeries are 

manually planned into OT sessions requiring an adequate estimation on how long the surgery will last.  

In this study, the best possible moment of prediction for the hospital information management system 

is identified by evaluating the change in prediction quality during the process of information collection. 

First, this thesis identifies the factors affecting surgery duration via a literature review, after which 

these factors are aligned with the business process model created for hospitals that use ChipSoft HIMS. 

Subsequently, five predictive models are made at four stages of information collection (I.e. the consult, 

the pre-operative screening (PoS), the moment of planning whereas information collected in later 

stages is referred to as the moment before surgery). Compared to the benchmark estimation, the 

prediction quality (mean absolute error) is improved most (9-10%) at consult. Information obtained at 

the PoS led to additional 3-4% points of improvement while 1% point was gained using information 

obtained during the planning period. When considering the trade-off between the prediction increase, 

development effort, and hospital practices, the surgery duration was assessed estimated best by 

means of an initial estimation at consult that is updated after the information is collected at the PoS.  
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Management summary  

In this master thesis, the change in prediction quality of surgery duration is researched throughout the 

process of information collection in a hospital. This concerns the hospitals that use the hospital 

information management system (HIMS) of ChipSoft, the company involved in this master thesis. 

 

The operating theater (OT) is one of a hospital’s scarcest resources and accounts for most of its 

revenue and expenses (Health Care Financial Management Association, 2003). The simulations or 

mathematical programs proposed by various researchers to improve OT occupation (where high OT 

occupation is generally desired) are however rarely applied in practice (Cardoen, Demeulemeester, 

and Belien, 2008). In ChipSoft’s HIMS (HiX) this is not different, and surgeries are manually planned by 

OT planners. Providing OT planners with accurately expected surgery durations is therefore necessary. 

However, ChipSoft has found that their estimations of surgery duration (which are calculated using the 

median of the 10 most recent surgeries per treatment surgeon combination by default) deviated more 

than was desired. 

 

Various estimation methods and factors affecting have been studied in recent literature and have 

shown varying levels of improvement in surgery duration predictions. Despite this, the inherent 

variability of predictions remains high (Kayış et al., 2012). Furthermore, the effect of a factor (e.g. the 

type of anesthesia technique) was found to be treatment type (TT) dependent. Next, the factors can 

be grouped into four groups, respectively procedural, team, temporal and patient characteristics (Mul, 

2017) 

 

Hospitals are generally less structured and are complex environments that require process awareness 

when implementing new techniques (Rojas, Munoz-Gama, Sepúlveda, & Capurro, 2016). When 

elective patients arrive at an outpatient department, they are sequentially placed on a waiting list and 

go through an admission phase prior to surgical and post-surgical phases (Barbagallo et al., 2015). 

ChipSoft’s HiX software currently estimates surgery duration at the beginning of this process. It can be 

hypothesized that making a prediction early in this process has limitations regarding the factors that 

have been found in recent literature and this therefore limits the prediction quality. Based on this 

hypothesis, the research question for this thesis was formulated as: 

 

How does the prediction quality of surgery duration change  

along the process of information collection in hospitals? 

 

To answer the research question, the cross-industry standard process for data mining (CRISP-DM) 

cycle was used as a guideline in this project. As part of the business understanding this cycle, a 

business process was created of the stages and moments of information collection, based on 

interviews held with practitioners from multiple hospitals. It was concluded that the factors found 

in the literature with regard to surgery durations indeed become indeed become available at 

different moments along the hospital process. This led to the decision to select four prediction 

moments, which included the factors shown in Figure 1. Predictions were made for 25 TTs after 

preprocessing the data obtained from a peripheral hospital in the Netherlands. 
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Figure 1 Representation of the four predictive moments, including factors 

 

Besides the candidate factors that can affect prediction quality, the choice of predictive model can also 

have an effect on prediction quality. Therefore, multiple predictive models were selected to avoid 

relying on the performance of one particular model when comparing the change in prediction quality 

between the four moments at which predictions were made. The models were selected based on three 

criteria with the notion that the models should have different characteristics by design. The 

performance of the model as obtained from the literature, the understandability implying an easy 

interpretation, and suitability covering the match between scaling the factors and dealing with factors 

that are not adding any value. Based on these three criteria, greedy decision trees (DT), gradient 

boosted decision trees (GBT), regression without feature selection (Reg), regression combined with 

the ANOVA as filter method (Reg_f) and regression with L1 regularization (LASSO) were selected. 

Furthermore, the prediction was benchmarked using three estimations. The first of these was the 

estimation by the OT planner, which represents human actions (planned). The second benchmark was 

equal to the median of the last 10 surgeries according to the treatment surgeon combination (TSC), 

which represents ChipSoft’s current method in HiX. The third benchmark was the median of the 

training data, which was calculated and used to estimate the duration of surgery. 

 

The predictions were modeled by applying cross-validation twice to overcome the problem of low data 

volume per TT while taking into account the separation between elective and emergent patients and 

benchmark estimations being (non) zero. The predictions were evaluated using two metrics, the mean 

absolute error (MAE) and the level of correctness. 

 

The change in prediction quality throughout the process of information collection differs highly 

between TTs and improves up to 30.8% when compared to the method used by HiX. For all of the TTs, 

the change in prediction quality for each moment of estimation, however, was somewhat similar 

except for the DT and the Reg at the prediction moment before surgery. When compared to the 

method HiX, the weighted prediction quality over the 25 TTs change in prediction quality (in MAE) as 

represented in Table 1. 
Table 1 Mean absolute error improvements compared to HiX 

HiX MAE = 11.2 minutes 

Moment Planned Median DT GBT Reg Reg_f LASSO 

Consult 

5.0% -4.0% 

-9.1% -10.2% -9.4% -9.6% -9.7% 

PoS 

-11.8% 

-13.9% -13.0% -13.1% -13.2% 

Planning -14.7% -13.9% 
-14.0% 

-14.1% 

Before surgery -14.5% -12.6% -13.8% 

A) Consult

•Surgeon ID

•TT details

•Emergency code

•Admission type

•Patient age

•Patient gender

B) Pre-operative 
screening (PoS)

•Anesthesia 
technique

•ASA score

•Diabetes

•Hypertension

C) Planning

•Moment of the 
day

•Sequantial 
treatment          
('street')

D) Before 
surgery

•Number of 
employees

•Anaesthesist ID

•Resident surgeon 
and anesthesist
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The information collected at the current moment of prediction (consult) results in the highest increase 

(9-10%) in prediction quality compared to the benchmark estimation from HiX. However, when the 

information obtained at the PoS is added to the predictive models, an additional 3-4% points (in MAE) 

can be gained, which is the highest increase between any consecutive moments of prediction. The next 

moment of prediction is planning, which yields another percentage point (in MAE) increase. 

Information obtained before surgery does not improve prediction quality. 

 

The change in prediction quality was found the highest at the moment of planning. Measured in terms 

of surgeries that were correctly estimated, underestimated or overestimated (at a 20% margin) and 

compared to HiX, the best predictive models increase the number of correctly estimated surgeries by 

around 6% as illustrated in Figure 2. This increase in quality is gained in the reduction of surgeries 

underestimated respectively overestimated in a ratio of 2.5 to 1. 
 

 

 

 
Figure 2 Correct, over and under predictions at the moment of planning compared to HiX 

 

Predictions are best made at the moment of planning although the difference between selecting the 

moment of planning versus selecting PoS is small. However, when considering the development effort 

and the fact that OT sessions are manually planned (possibly leading to confusion for planners due to 

updated surgery durations) surgery predictions in a HIMS is best done after the PoS. 

 

The advice in terms of implementing the results of this study into a HIMS is as follows. Rather than 

shifting the moment of prediction from consult to the PoS, ChipSoft is advised to add PoS as the second 

moment of prediction. Furthermore, either the Reg_f or LASSO should be built on top of the current 

prediction method used. This implies that the TT to be predicted should meet a certain threshold  in 

terms of samples per TT (for example, 200 as used in this thesis), otherwise ChipSoft’s current 

estimation method should be used. 

 

One important note is that a hospital using the HiX software should agree upon that surgeon’s lose 

(possible) responsibilities regarding the expected duration. In addition, this topic is interesting from 

the user experience point of view. For example, allowing the surgery duration to be automatically 

updated within a certain margin without notifying the user could be an option. Future research could 

reveal if this, or other possibilities, are desired by users.  
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1 Introduction 

Healthcare expenses in the Netherlands, illustrated in Figure 3, doubled to €83 billion in 2016 since 

the start of the twenty-first century (Centraal Bureau voor de Statistiek, 2017b). These costs are the 

result of demographic changes such as an aging and growing population, among other phenomena. 

The population’s increased life expectancy results in more visits per person to healthcare institutions. 

As a result, there is higher demand for medical services and medical interventions. The  majority of 

these expenses, around 33 percent in 2016, is spent on activities in hospitals and specialized 

institutions (Centraal Bureau voor de Statistiek, 2017a). In addition, healthcare providers in the 

Netherlands experience high pressure on their expenses due to changes in the financial system, which 

is now a competitive prospective-reimbursement system instead of the earlier closed-end budgeting 

system (Krabbe-Alkemade, Groot, & Lindeboom, 2017). 

 

 
Figure 3 Total healthcare expense in the Netherlands since the start of the 21st century. 

(Centraal Bureau voor de Statistiek, 2017a) 

 

In hospitals, the largest expenses and monetary benefits (or losses) relate to services provided in the 

operating theater, or OT (Health Care Financial Management Association, 2003). The OT is a scarce 

resource from an operational perspective because it requires the combination of accommodation, 

equipment, specialist time and other assisting personnel to be present simultaneously (Vissers & 

Beech, 2005, p.59). Consequently, hospitals generally desire a high OT occupation while considering 

the cost of overtime and possible conflicts between OT sessions, since the OT is shared across 

specialisms on the same day (Hulshof, Kortbeek, Boucherie, Hans, & Bakker, 2012).  

 

To improve OT occupation and the flow of patients to downstream facilities after the OT, researchers 

have proposed various methods by means of simulation or mathematical programs as was  

summarized in the work of Cardoen, Demeulemeester, and Belien (2008). Moreover, they concluded 

that applying these methods in practice was rarely done. Also, hospitals in the Netherlands have 

reacted negatively to proposed automated planning and scheduling tools in hospital management 

information systems (Capacity management specialist ChipSoft, 2017).  

 

As a result, OT sessions are manually planned by OT planners in the Netherlands that use the software 

of the company involved in this master thesis, ChipSoft. Patients are allocated to OT sessions based on 

the combination of a sort first come first served principle (how long they have been on the waiting list) 

and a many different plan rules. These plan rules include for example urgency indications, scheduling 
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of child patients for the morning, scheduling of isolation patients for the end of the day, availability of 

equipment or personnel shared among OTs, and surgeons’ preferences (Marcon & Dexter, 2006). 

Furthermore, the allocated surgery should logically not exceed the capacity of the OT-session, 

requiring the surgery duration to be reliably estimated.  

 

Not only is the expected duration important in terms of OT occupation but also to coordinate patient 

flow through the OT complex, which has gained importance (Samudra et al., 2016). Overtime in the 

pre- and post-surgery facilities is not only costly, variability in surgery duration also leads to problems 

in nursing staff workload (Vissers & Beech, 2005, p. 188). This in turn higher the chance of short 

illnesses (of less than 7 days) in staff in the post-surgery facilities (Volpe, Magalhães, & Rocha, 2013).  

1.1 Research assignment  

As discussed in the previous section, an inadequate prediction of the duration of surgeries can affect 

hospital costs and personnel workload in the OT complex. However, the surgery duration is generally 

uncertain and although predictions can be improved by using different factors, the inherent variability 

of estimations remains high (Kayış et al., 2012). Nevertheless, various estimation methods and factors 

have been researched (discussed in Section 2.4) and have demonstrated varying levels of improvement 

in performance. 

 

The use of these prediction methods and factors is, to the author’s knowledge, not yet aligned with 

the hospital process, including the data collection that occurs during this process. Process awareness 

should, however, be considered when focusing on introducing new techniques in the hospital, which 

is generally a less-structured and complex environment (Rojas et al., 2016). In other words, it is 

important to focus on how and when the surgery duration should be predicted within a hospital 

information management system (HIMS).  

 

To illustrate, when elective patients arrive at the outpatient department, they are sequentially placed 

on the waiting list and go through the admission phase prior to the surgical and post-surgical phases 

(Barbagallo et al., 2015). ChipSoft currently estimates the surgery duration at the beginning of this 

process; however, it can be hypothesized that making a prediction at this stage or moment limits the 

quality of the prediction. The information collected through the process is expected to affect the 

availability of data. Moreover, as stated by Lamer, Jonckeere, Jeanne, Delecroix, & Logier (2015), 

recalculation of the estimation is likely to improve the estimation. Therefore, mapping the advances 

in the literature to the hospital processes is important to utilize and successfully adopt prediction 

models in practice. 

1.2 Research question 

As outlined, this research focuses on the relation between the processes in hospitals, including 

information collection, and the estimated duration of surgery. The research question for this study is 

therefore as follows. 

 

How does the quality of prediction of surgery duration change along 

the process of information collection in hospitals? 
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The formulate research question is divided into five sub-questions, which are answered in sequential 

order in this report.  Background information about the predictive methods and factors is needed first 

before being able to match these to the hospital process, including information collection. The 

practical limitations and benefits of the different moments of prediction should then become clear in 

the hospital process. Therefore, the first two sub-questions are formulated as follows. 

 

- What are the influential factors affecting surgery durations and state-of-the-art predictive 

models in existing literature? 

- What are the stages and moments of information collection that are suitable for predicting 

surgery duration when considering the current practices in hospitals that use ChipSoft’s HiX 

software?  

 

Before comparing different moments of prediction, data is generally transformed and prepared. For 

this thesis, raw data was obtained from a collaborating hospital requiring a careful review. Besides the 

kind of data available, also other criteria are worth considering when selecting the predictive 

techniques. Thus, the third and fourth sub-questions are formulated as follows. 

 

- What preprocessing is required, considering the characteristics of the dataset obtained from 
the collaborating hospital? 

- Which modeling techniques are convenient to use when comparing the prediction quality at 

different moments considering the dataset, business requirements and predictive models 

studied in the literature? 

 

Finally, to demonstrate the effect of hospitals’ information collection processes on the performance 

of predictive models, a comparison is needed. Moreover, the effort of development and the hospital’s 

organizational aspects should be considered when determining the best moment of prediction. 

Answering the following sub-question also helps map the outcome to the HIMS.  

 

- Which of the identified moments of prediction is the most beneficial considering the trade-off 

between the gain in prediction quality, the daily practice in hospitals and the required effort to 

adapt the hospital information management system? 

1.3 Research objective  

This master thesis emphasizes the context in which predictions are made because process awareness 

is needed to introduce new techniques into a HIMS. Since factors that affect the duration of surgery 

might or might not be available throughout a hospital’s processes, this analysis identifies the current 

moment of estimation in daily practice and investigates the performance of predictive models. Analysis 

of the performance at the current moment implies identification of alternative moments of prediction 

at which new information is obtained. Figure 4 illustrates how the quality of data conceptually 

improves in hospital processes and can be used in subsequent moments to predict the duration of 

surgery.  
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𝐌𝒊  = 𝐌𝐨𝐦𝐞𝐧𝐭 𝐨𝐟 𝐩𝐫𝐞𝐝𝐢𝐜𝐭𝐢𝐨𝐧 

 

D𝑖  = Data available (factors) 

 

SD =  Surgery date 

y =  Duration of surgery 

ŷ =  Estimated  

         duration of  surgery 

Figure 4 Conceptual representation of cumulative increase of data quality 

 

The anticipated result is expected to have the following impact. First, the research may reveal that 

factors should be set earlier in the hospital’s process to improve predictions in practice. Second, a well-

founded decision about the moment of estimation can be made before implemented in a HIMS.  

Besides, replication of predictive techniques to different treatment types extends earlier conclusions 

and substantiates the use of these techniques. Especially because a comparison was made between 

techniques that were to the author’s knowledge not researched simultaneously.  

1.4 Methodology  

For this project, the Cross-Industry Standard Process for Data Mining (CRISP-DM) framework was used 

to serve as a guideline. The CRISP-DM cycle by Chapman et al. (1999) is illustrated in Figure 5 and 

consists of six iterative phases. After each cycle, a decision must be made either to iterate or to deploy 

the project. In a master thesis, deployment is generally limited, as was the case for this project.  

 

 
Figure 5 The CRISP-DM cycle 
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Business understanding 

To better understand this area of research, the literature was studied and interviews were held. The 

literature review focused on the factors that affect surgery duration as well as the methods proposed 

to predict this duration. The interviews were mostly held with specialists in the OT domain who worked 

at the company involved or at hospitals that cooperated in this research. First, two semi-structured 

interviews were conducted at two different hospitals with the main goal of identifying the hospitals’ 

processes. Identifying the factors for each phase was a secondary task. Subsequently, the outcomes 

were verified using the company’s experience.  

  

Data understanding and preparation  

During the data-understanding phase, a query was made using Microsoft SQL Server Management 

Studio on the company’s test database. A request was then made to a peripheral hospital in the 

Netherlands, which was not the same as the one at which interviews were conducted, to extract the 

dataset. Next, the data was prepared by iterating with the modeling stage. All the preprocessing and 

subsequent experimental setup and predictions were done in Python 3.6. At the end of this phase, 

data had been selected, cleaned, and transformed. 

 

Modeling 

The modeling phase consisted of the selection of factor and modeling techniques. The results of the 

literature review, explorative plots and analysis were used to select factors. The predictive models, 

made by using the Python package sklearn, were selected based on earlier research and selected 

criteria. In the analysis, four moments of estimation were selected and tested for 25 treatment types 

(TTs). For each moment of prediction, three benchmark estimations and five predictive models were 

made.  

 

Evaluation and deployment 

The selected prediction moments, models, and treatment types in the experimental setup led to 800 

predictive results. The decision was made to report the overall results first. Thereafter, a comparison 

was made to demonstrate behavioral differences among TTs, moments of estimation, and models. 

This was done by discussing two TTs, and heat maps visualizing the changes in prediction quality 

between the prediction moments. Finally, a recommendation regarding deployment and software 

changes was been made, and limitations and possibilities for future research were discussed. 

1.5 Scope  

The scope of this project was set before the project started but was adjusted based on the obtained 

data. The focus was on surgeries performed by multiple specialisms, rather than a single specialism. 

This decision was based on the company’s aim to test predictive models for multiple specialisms, which 

is in line with estimation model research in the context of hospital processes. In addition, the focus 

was on specialisms that generally have a medium to long surgery duration, rather than specialisms that 

have mostly short durations. This decision was made because making estimations for short surgery 

durations was not found to be problematic in practice, probably because these surgeries are relatively 

standard. Moreover, if the focus would have been on improving estimation of short surgery durations 

the effect is likely to be minimal since this would result in the evaluation of seconds, which is too 

detailed for practices.  
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Although information regarding hospital processes was received from two hospitals and ChipSofts 

expertise, the aim was to identify the process followed by specialisms and hospitals more generally. 

This was important not only for this research but also because the company’s software should fit 

processes across hospitals rather than in a single hospital. Therefore, the level of detail in the process 

diagram displays the output rather than providing details about the steps in each phase, since the 

output (factors) at each stage was considered important for the purpose of this project. Moreover, the 

project focuses on the operational perspective, indicating which data should be available at the 

moment an estimation is made. This led to the decision to evaluate models for elective patients only 

since emergency patients follow a different path and the information that becomes available before 

surgery has a different time span for elective and emergency patients (Section 3.3.1).  

 

Furthermore, it was decided to focus on TTs that have high volume data. This decision was made 

because the time available to complete this project was limited. Moreover, the impact at the OT level 

will be higher when more surgeries are predicted more accurately. Most predictive models also require 

a large sample size, and the literature review (Section 2.4.2) indicated that a low volume of data might 

be better predicted with different techniques. Also, the focus was on surgeries performed in the OT 

rather than on surgeries performed in rooms mostly dedicated to outpatients. Treatments performed 

in such rooms are assumed to be relatively easy and do not require a medical team and additional 

resources. Predictions made for the OT have a greater impact since the resources depend on each 

other. In addition, predictions for surgeries in the OT are more interesting from a financial perspective 

because 40 percent of the cost for a hospital originates from the OT (Health Care Financial 

Management Association, 2003). 

1.6 Report structure 

The next chapters are structured as follows. Chapter 2 presents the context of the research, including 

background information about the company involved, hospital taxonomy relevant to this thesis, and 

preliminary research concerning surgery durations. Chapter 3 described some background information 

on the selected modeling techniques. Chapter 4 discusses the hospital process followed by the 

information collected along this process. Moreover, the dataset obtained for the project is discussed 

here as part of the data collection.  Next, Chapter 5 describes the raw data and discusses the data 

preparation and cleaning steps. It also assesses the data quality of the methods that is currently used 

and shows sample-wise effects of factors. In Chapter 5, the modeling  techniques are reviewed and 

selected. In addition, information regarding the moments of estimation, the experimental setup, and 

hyperparameters is provided. The results of the comparison between models and moments of 

estimation are presented and evaluated in Chapter 7. Finally, Chapter 8 summarizes the results and 

presents a conclusion, along with practical implications and research limitations. 

2 Context 

Chapter 2 gives background information related to the research conducted. The company involved in 

the project, ChipSoft, is introduced in Section 2.1. Section 2.2 then explains the terminology used in 

this thesis. Section 2.3 presents the literature review conducted on predictive methods and preliminary 

factors used to predict the duration of surgery.  
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2.1 Company background 

This master thesis project was completed during an internship period at ChipSoft. ChipSoft, founded 

in 1986, provides IT solutions to healthcare institutions in the Netherlands and Belgium. Its current 

software product HiX is a fully integrated HIMS solution that focuses on efficiency in administrative 

tasks performed by different institutions and practitioners in healthcare, as illustrated in Figure 6 

(ChipSoft, n.d.-a). HiX facilitates, inter alia, financial declarations, planning tools and ensures patient 

privacy in the incorporated electronic health records (EHR) of hospitals, which are ChipSoft’s major 

clients. A complete overview of the components available in HiX can be found in Appendix I.  

 

 
Figure 6 HiX: A fully integrated solution  

(ChipSoft, n.d.-a) 

 

ChipSoft has identified opportunities to create, improve, or extend functionalities related to capacity 

management and logistics for hospitals. One of these functionalities in HiX is an estimation of the 

duration of surgery in order to assist planners with manually planning OT sessions. By default, the 

expected surgery duration of a new patient is calculated by taking the median over the last 10 surgeries 

per treatment-surgeon combination (TSC), which is made during patient consult (discussed in Section 

X). Hospitals can configure the settings using multiple filters. For example, hospitals can include patient 

age, lower the threshold value from 10 to 5, or take the average of all surgeons in case assistant 

surgeons perform the surgery. 

 

The estimation provided by HiX is an indication that can be adjusted by the respective surgeon or OT 

planner. Occasionally, ChipSoft receives questions about the estimation if an internal sample-wise 

selection of surgeries indicates values deviating more than desired. In line with the formulated 

research question, ChipSoft would benefit from an analysis of current processes and the moment of 

estimation in its HIMS (HiX), and seeks alternative methods to improve the prediction.  

2.2 Hospital taxonomy  

Because this master thesis concerns estimations and processes in hospitals that are related to the 

duration of surgery, the following section gives a brief explanation of the terms used. 

 

In a hospital, a patient’s healthcare services are provided by a variety of departments and specialisms 

that generally function as autonomous organizations (Hulshof et al., 2012). A specialism provides care 
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in a specific medical domain—for example, orthopedics (ORT), urology (URO), and general surgery 

(gSUR). The specialisms have separate outpatient departments, where patients either have medical 

consultations (consults) or receive “simple” medical interventions, which can involve surgery. Patients 

who undergo surgery are either outpatients or inpatients. Outpatients arrive and leave the hospital on 

the same date, whereas inpatients stay overnight for recovery or additional medical interventions. 

Every surgery performed has one or multiple TTs, which correspond to a particular set of medical 

interventions. Most TTs are part of one particular specialism, which results in the categorization of TTs 

as illustrated in Figure 7. 

 

 
Figure 7 Categorization of specialisms and treatment types in a hospital 

 

Surgeries are performed in the OT. The number of patients operated annually is decided at the 

strategic level and is thus hospital-dependent. At the strategic level, the hospital determines the case 

mix, which reflects the composition and volume per specialism (Hulshof et al., 2012). In line with the 

case mix, hospitals allocate time to specialisms via a master surgery schedule (MSS), which is fixed for 

a certain number of months (Van Huele & Vanhoucke, 2015). The allocation of OT hours in the MSS is 

a tactical decision and is done based on block scheduling. Dividing OT sessions into blocks, as illustrated 

in Figure 8 for one OT for one week, helps to manage surgeons’ and anesthesiologists’ agendas 

(Hulshof et al., 2012).  

                                    
Figure 8 Example of allocation of a single OT using block scheduling for one week 

 

Although strategic and tactical decisions for OT sessions should ideally match demand, capacity 

allocation is also politically charged (Hulshof et al., 2012), which implies the intern competition 

between specialisms for this scarce but valuable resource. The internal competition underscores the 

importance of OT-session planning at the operational level. These plans are manually made by OT 

planners based on different plan rules, the available capacity, and the expected duration of surgery.  

 

This research focuses on the operational level by analyzing the quality of predicted surgery durations 

in order to assist the OT planner in making reliable OT plans. Moreover, an improved prediction quality 

is likely to contribute to better alignment between different phases in the OT complex as is discussed 

next. 

Specialisms 
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Hospital

Orthopedics
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Urology

TT 6

Monday 
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2.3 Phases in the OT complex 

Surgeries are performed in the OT complex, which consists of three subsequent phases (Saremi, Jula, 

Elmekkawy, & Wang, 2013). The patient is first prepared for surgery in the holding area by the assistant 

anesthesiologist, OT personnel, and nurses, depending on the specialism and treatment (Federatie 

Medische Specialisten, n.d.). The patient is then called for surgery in the OT as illustrated in Figure 9 

and described in more detail in the second paragraph below the figure. Activities in the OT require 

expensive equipment and human resources, making the OT the most expensive resource in hospitals. 

After surgery, the patient is brought to the post-anesthesia care unit (PACU). At the PACU, patients are 

observed by the anesthesiologist and nurses while they recover from the narcosis induced by the 

anesthesiologist. 

 

 
Figure 9 Phases before, in, and after the operating theater 

 

Because the OT complex consists of multiple OTs with PACUs (or similar post-surgical care units such 

as the intensive care unit) that have a limited number of beds, variability in the upstream processes 

can cause the occurrence of peak moments (Vissers & Beech, 2005, p. 188). Peak moments lead to an 

increased nurse-patient ratio, which could cause an increase in nurses’ short illnesses (Volpe et al., 

2013) and can block patient flow from the OT to the PACU. As a result, personnel costs in the OT 

increase because personnel in the holding area are expected to stay longer. However, when multiple 

surgeries are completed quicker than expected, the next patient might not be prepared yet.  

 

The activities in the OT can be divided into four phases, illustrated in Figure 9. The pre-operative time, 

in which the primary activity is to place the patient on the operating table, is the time between entry 

of the patient into the OT and the moment the anesthesiologist starts administering anesthesia. The 

end of this phase is also the start of the anesthesia time (AT), in which the prescriptive anesthesia is 

administered.1 The incision time (IT) starts when the first incision is made by the surgeon, and generally 

takes around 75 percent of the time (Stepaniak, Heij, Mannaerts, De Quelerij, & De Vries, 2009). Finally, 

the post-operative time starts after the closure of the last wound. During the post-operative period, 

the patient is checked and removed from the operating table.  

 

For this master thesis, it was initially decided to set the duration to the time between the patient’s 

arrival at the OT and the patient’s departure from the OT. This was decided because OT planners 

schedule patients manually to OT blocks depending on the remaining capacity and the expected 

duration of a patient in the OT. However, due to missing records in the obtained dataset, as described 

in Section 5.2.1, the duration of surgery was determined slightly differently. 

                                                           
1 Although the AT generally occurs in the OT, anesthesia is sometimes administered outside the OT to 

improve efficiency in the OT (Krupa, Sathaye, & Sandberg, 2008). However, in this master thesis, it is 

assumed that the anesthesia is applied in the OT, as it is an important factor in calculating the surgery 

duration (Section 5.2.1). 



10 

 

2.4 Preliminary research  

This master thesis addresses the extent to which the expected surgery duration is affected by the 

process of information collection in hospitals in order to include the findings in a HIMS used by 

hospitals. It was therefore decided to use the existing literature as a basis for model and factor 

selection. The structured literature review (Mul, 2017) conducted prior to and as part of the master 

thesis started with 66 unique results found across the following databases: Web of Science, Scopus, 

PubMed, Science Direct, Springer Link, and Medline.  

 

Section 2.4.1 summarizes the findings of the literature review and describes the factors that influence 

surgery duration, which are, however, dependent on specialism and TT. The methods used to model 

or predict surgery duration are then discussed in Section 2.4.2.  

2.4.1 Factors that influence the duration of surgery  

The preliminary structured literature review divided the factors that influence the duration of surgery 

into four groups: procedural-, team-, temporal-, and patient characteristics. The factors corresponding 

to these characteristics are discussed next. 

 

The first factors discussed are procedural characteristics. According to the analysis by Stepaniak et al. 

(2009), it was found that the TT is the most important factor causing variability. This is probably the 

reason that estimations are made TT. A second factor that also concerns medical intervention in the 

OT is the anesthesia technique applied (Edelman et al., 2017). Similarly, Strum, Sampson, May, and 

Vargas (2000) stated that the anesthesia technique had an impact on 44 percent of the TTs in their 

research, according to the analysis of variance (ANOVA) performed by them. The first procedural 

characteristic independent of actions in the OT is the type of admission related to the surgery. Kayış et 

al. (2012) and Kayış, Khaniyev, Suermondt, and Sylvester (2015) researched the effect of patients being 

inpatients or outpatients and concluded that taking this characteristic into consideration would reduce 

the prediction error . Hosseini, Sir, Jankowski, and Pasupathy (2015) added the earnestness indication 

to their stepwise regression, which improved estimations slightly compared to a method similar to the 

moving average. Stepaniak, Heij, and De Vries (2010) and Silber, Rosenbaum, Zhang, and Even-Shoshan 

(2007) mentioned that there are differences among hospitals because of, for instance, different 

surgeons or techniques.  

 

Regarding team characteristics, the surgeon (identity) indicated differences in duration for most TTs, 

unlike the anesthetist, influencing only a few (Strum et al., 2000). While the surgeon identity 

summarizes the overall effect, Stepaniak et al. (2010) split surgeon details into gender, age, and 

experience. The surgeon’s gender was not found to be significant, whereas the other details had an 

effect, especially on more complex TTs. Furthermore, it was found that the presence of a resident 

surgeon, which is a surgeon in training, influences the duration negatively. Kayış et al. (2015) also 

researched the effect of team characteristics and demonstrated that the number of nurses present in 

the OT affects the duration of surgery.  

 

Patient characteristics that affect the duration of surgery are personal details such as gender (19% of 

TTs) and age (12% of TTs), as well as the patient’s physical status classification expressed through the  

ASA (American Society of Anesthesiologists) score, which affected 18% of TTs (Strum et al., 2000). 

Edelman et al. (2017) improved estimations by including the patient’s age and ASA score. In addition 
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to research that focuses on multiple TTs, Ammori, Larvin, and McMahon (2001) identified the effect of 

the comorbidities hypertension, diabetes, and heart disease on a single treatment. Moreover, pre-

conditions such as tumors and preoperative endoscopy treatment affected the duration of surgery.  

 

The final group of characteristics is related to temporal factors. Surgeries scheduled at different 

moments of the day (morning, afternoon, evening) have different surgery durations (Stepaniak et al., 

2010 ; Kayış et al., 2015). Also, the number of surgeries scheduled, referred to as work pressure, affect 

the duration. Finally, the conclusions that surgery duration affected by a particular month could be 

argued whereas Kayış et al., 2015 concluded that June, July, and October had influenced compared to 

the month January in Kayış et al., (2012).  

2.4.2 Methods to estimate the expected surgery duration 

Besides the factors that affect the duration of surgery for multiple (but not all) TTs, a variety of 

estimation techniques and methods have been proposed. The first type of methods aims to fit 

distributions that are then used to make the prediction; thus, no factors are included. The second 

group focuses on statistical or supervised machine learning techniques to estimate the duration of 

surgery. 

 

Distributions were fit to TTs in work done by Strum et al. (2000), who concluded that log-normal 

distributions outperform normal distributions. Similarly, Stepaniak et al. (2009) concluded that most 

(93 percent) of the TTs in their research fitted a log-normal distribution, while a normal distribution 

fitted 80 percent of the TTs. In addition to the comparison above, estimations were made using normal, 

2-parameter, and 3-lognormal distributions. For these distributions, it was concluded that the last 

outperforms the others. Most of the TTs ins hospitals, however, are not performed often. To counter 

the problem of low-volume TTs, Luangkesorn and Eren-Do (2016) proposed a Markov Chain Monte 

Carlo methodology. In this methodology, TTs were grouped with other TTs that had similar complexity 

based on the data characteristics available. Subsequently, these new distributions were combined with 

an expert’s opinion by assigning different weights. Generally, the weight set to expert opinion 

increases when the number of historical records for a TT is low. The Markov Chain Monte Carlo 

methodology, which used outcomes to estimate the duration, outperformed log-normal distributions 

for low volume data (N < 25) but not for common (N > 25) TT codes.  

 

In addition to estimation through a fitted distribution, methods that are more dynamic have been 

proposed. Lamer et al. (2015) concluded that utilizing the moving average per surgeon is better than 

using a fixed value set by experts for total hip replacements. Larsson (2013) evaluated the performance 

of a 7-trimmed mean with surgeons’ estimations for TTs of the following five specialisms: orthopedics, 

general surgery, gynecology, ear-nose-throat, and eye. The trimmed mean was found to be more 

accurate for surgeries in the lower half of the distribution. Conversely, estimations by the surgeons 

were better above the fiftieth percentile. Based on these results, Larsson (2013), advice to combine 

prediction with expertise through, for example, human intervention after initial predictions, which is 

similar to the suggestion by Master et al. (2017). 

 

In addition to fitted distributions, predictive models that use multiple factors have been proposed. 

Strum et al. (2000) included five main factors found in their preliminary analysis in a regression 

analysis. A comparison between techniques was made by Edelman et al. (2017), who applied 
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multivariate regression and demonstrated improvements over the method proposed by van Veen-

Berkx et al. (2014), which predicts the estimated surgery duration to equal the surgeon’s estimated 

incision time multiplied by 1.33. Another linear regression model was set up by Kayış et al. (2012), who 

extended the mean over the last five surgeries per TSC with univariate regression. In the univariate 

analysis, multiple factors indicated improvements in the mean absolute error (MAE). Finally, Hosseini 

et al. (2015) compared a regression and stepwise linear regression to a moving average of ten.  Among 

the TTs that were researched, the best predictive model differs although the regression models outer 

performed the moving average if 10.  

  

For the 10 most common TTs in the pediatric department, Master et al. (2017) applied three algorithms 

to construct decision trees and compared these with the mean of the TSC (in the training data) and 

expert estimations. Overall, the gradient boosted tree (GBT) outperformed the random forest tree, the 

greedy decision tree, and the benchmark models. 

 

A more advanced supervised machine-learning method was used in the database framework proposed 

by Combes, Meskens, Rivat, and Vandamme (2008). Their framework included evaluation of two 

models; a neural network and a prediction based on rough set theory. Two models were tested for the 

neural network, and it was demonstrated that the standardization of duration length is better than 

standardization per surgeon. Although the neural network outperformed the mean per TSC (on the 

training data) and the rough set method, the median per TSC was found to be better. Unlike this neural 

network, which was unsuccessful across multiple specialisms, the neural network for three TTs in the 

specialism of ophthalmology demonstrated improvements over regression analysis (Devi, Rao, & 

Sangeetha, 2012). The third method performed best: an adaptive, neural, fuzzy inference system. 

3 Theoretical background  

Throughout this master thesis, various modeling techniques were used to predict the duration of 

surgery.  To separate background information from the design choices specific to this research, this 

section briefly discusses the selected modeling techniques. Section 3.1 elaborates on the 

characteristics of the predictive models. Section 3.2 addresses the option used for hyperparameter 

tuning whereas Section 3.3 discusses cross-validation. 

3.1 Predictive models 

Regression models and decision trees were the two type of predictive models selected. The 

characteristics of these models are discussed in a bit although it worth mentioning that the way of 

handling candidate factors is done differently. Therefore, feature selection methods are discussed in 

Section 3.1.1 first. Section 3.1.2 discusses the three regression models selected followed by the two 

decision trees in Section 3.1.3.    

3.1.1 Feature selection methods 

As outlined in the section on preliminary research, the surgery duration is potentially affected by 

different factors depending on the TT.  It was therefore needed to choose the best possible factors for 

the prediction problem of a particular TT, which is not naturally of for regression models.  

 

Feature selection methods reduce the total number of candidate factors to a smaller subset by 

removing factors that are unrelated to and/or not causing prediction improvements for the dependent 
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variable.  It is often used to reduce the chance of overfitting, make models easier to interpret and to 

reduce computation time. (Fonti & Belitser, 2017). 

 

Feature selection methods are divided into three types: filter, wrapper, and embedded (Jovic, Brkic, & 

Bogunovic, 2015). Filter methods are used as pre-selection before including factors in a prediction 

model. Filter methods score all the candidate factors based on a statistical test (e.g., the correlation 

coefficient or ANOVA) on the usefulness of the factors. The factors are ranked or compared to a 

threshold value before they are included in the actual prediction model.  In wrapper methods, features 

are selected by means of a search problem. In each iterative stage, multiple feature subsets are 

selected, trained, and then tested. The best feature subset is then selected based on specified criteria 

specified for the wrapper method algorithm. Finally, embedded methods, as the name suggests, are 

built into the execution of the prediction technique and are thus part of the model’s functionality.  The 

decision trees that were selected have this type of feature selection.   

3.1.2 Regression models 

This section briefly discusses how the selected regression models presented in Table 2 are constructed.  

 
Table 2 Overview of selected regression models 

Model type Estimation model  Abbreviation  

 

Regression 

 

Regression analysis without feature selection                                                     Reg 

Regression analysis combined with  ANOVA filter method    Reg_f 

Regression with L1 regularization, also known as LASSO LASSO 

 

A predicted value ŷ in regression models is determined by a summation over the factors (𝑥) that are 

multiplied by a coefficient 𝛽 for a total number of factors p as represented in equation 1. 

 

1 ŷ = 𝜷𝟎 + 𝜷𝟏𝒙𝟏 + 𝜷𝟐𝒙𝟐 + 𝜷𝒑𝒙𝒑 

 

For regression models without feature selection (Reg) the coefficients are determined by minimizing 

the total sum of squares over a total of 𝑛 observations and the total number of candidate factors as 

represented in equation 2. 

 

 

2 𝒎𝒊𝒏 ∑(𝒚𝒊 −  ∑ 𝒙𝒊𝒋𝜷𝒋 )𝟐

𝒑

𝒋=𝟏

𝒏

𝒊=𝟏

 

 

For the regression model combined with a filter method (reg_f),  the similar objective function is 

logically used as the number of factors included are selected before including these in the regression 

model. Although ANOVA can practically be applied and interpreted on non-normal distributions that 

have sufficient (N>100) sample size (Twisk, 2010, p.75), it is known that the duration of surgery is 

generally log-normal distributed (Stepaniak et al., 2009). After the transformation, it is tested whether 

the mean of a particular ‘group’ within a factor is statically different (a p-value smaller than 5%) from 

other groups (e.g. is the mean surgery duration different for male and female). Candidate factors that 

meet this threshold are subsequently included in the regression model. 
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L1 regularization, also known as the least absolute shrinkage and selection operator (LASSO) , is the 

embedded feature selection method for regression that was used. Compared to the objective of 

regression, an additional regularization term (penalty) is added to obtain the objective function of 

Equation 3 (Hoerl & Kennard, 1970).  The regularization term penalizes the grow of factors that are 

correlated or not adding value to the prediction quality as it finds the best possible solution in the 

trade-off between the model’s bias and variance. As a result, the LASSO can create a sparse solution, 

which means that only the factors of influence are non-zero.  

 

 

3 𝒎𝒊𝒏 ∑(𝒚𝒊 −  ∑ 𝒙𝒊𝒋𝜷𝒋 )𝟐

𝒑

𝒋=𝟏

𝒏

𝒊=𝟏

+  𝝀 ∑|𝜷𝒋|
𝟐

𝒑

𝒋=𝟏

 

 

3.1.3 Decision trees 

This section briefly discusses the theoretical background of the two decision trees in Table 3. 
Table 3 Overview of selected decision trees 

Model type Estimation model  Abbreviation  

Decision tree Greedy decision tree  DT 

Gradient boosted decision tree  GBT 

 

Decision trees are built by splitting data into smaller subsets based on pre-defined hyperparameters 

that determine the structure of the tree.  Decision trees start at an initial (decision) node that 

represents the best possible factor that could be used for splitting the data. The best factors are found 

by means of a pre-defined splitting criterion (e.g. the MSE of MAE). If no other hyperparameters are 

set, the DT would grow until no improvements in the defined splitting criteria were made, or the fact 

that no samples or factors are left for splitting the data. Nodes at the end of the DT (the ones that have 

no split) are called leaf nodes.  Unlimited growth of the DT normally results in overfitting of the data. 

Therefore, it is common to either pre- or post-prune the DT to increase its robustness. Although not 

used in this study post-pruning can be seen as the opposite of splitting after the tree is fully-grown. It 

was decided to pre-prune the DT using a combination of values for three hyperparameters. First, the 

maximum depth of the tree was selected to limit the layers in the tree. Second, the minimal number 

of the samples at the leaf nodes was used. Third, the information gain, which equals a minimal 

reduction in the splitting criterion, was set to limit the split of data into subsets.  

The GBT is a predictive technique that sequentially fits weak (or small) decision trees into one powerful 

predictor (Friedman, 2001). The strength of the GBT is that it reuses the data each time a weak decision 

tree is made this compared to the DT. This process of gradient boosting is presented in pseudo code 

in Table 4. In theory, gradient boosting starts with any possible prediction function although for this 

thesis the constant value that minimizes the sum of the squared errors was used. The calculated 

residuals from this estimation are subsequently used as dependent variables to fit a small tree (the 

weak learner) using the candidate factors. Next, the newly created tree is multiplied by a specified 

learning rate and added to the function of the previous iteration. Adding new weak learners with a 

learning rate is a form of regularization, and is repeated until the last hyperparameter, the maximum 

number of iterations (W), is reached. 
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Table 4 Pseudo code of the gradient boosting algorithm 

Gradient boosting algorithm 

I Set an initial function  

II Iterate over 1 to W: 

III  Calculate the residuals  

IV  Fit new, weak learner to the residuals    

V  Update the previous function with new base learner 

multiplied by a specified learning rate 

VI End 

3.2 The grid-search algorithm 

Hyperparameters co-determine the structure and therewith the prediction quality of prediction 

models. For the DT, GBT and LASSO setting hyperparameters and their values were required. For 

example, the depth of the created decision trees.  

 

In this thesis, the best possible hyperparameters and their values for the selected models were found 

by using the grid-search algorithm (Claesen & De Moor, 2015), which is described in Table 5 by means 

of pseudo-code. The grid-search algorithm is a simple procedure that finds the best set of 

hyperparameter values by running a search over all combinations of the hyperparameters and 

hyperparameter values that were chosen. Due to this search, the grid search is relatively 

computationally intensive when the number of hyperparameters is increased, because of the 

exponential growth of options. 

 
Table 5 Pseudo code of the grid search 

Grid-search pseudo code 

I Choose a set of hyperparameters H 

II For every hyperparameter h in H 

III        Define a set of values S 

IV Get the grid G via the Cartesian product over h in H 

V Iterate over each g in G:  

VI        Fit model with g on the training data 

VII        Predict values on validation data 

VIII        Calculate loss function L 

IX        If L of g is smaller than the L of g* 

X               Replace the best hyperparameter g* by g 

XI End       

 

For the DT, GBT, and LASSO the hyperparameters discussed in previous were selected. The hyper-

parameter values are discussed in the chapter that discussed the experimental set-up specific of this 

thesis (Section 6.4) .As loss function, the MSE was used via a 10-fold cross-validation technique that is 

conceptually discussed next.  
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3.3 Cross-validation 

Predictions are ideally generated by partitioning the data into a training, validation (to tune the 

hyperparameters), and test sets. This is necessary because the data used for evaluation of predictions 

should not be similar to the data used for tuning hyperparameters since that would result in 

overfitting. However, in practice, the amount of data available is often too small.   

 

To handle the problem of small data, cross-validation bootstrapping, or the hold-one-out method are 

generally applied. However, in this master thesis it was decided to apply 10-fold cross-validation twice 

(as will be discussed in section X). However, to elaborate on the general concept of cross-validation a 

brief description is provided next.  

 

The cross-validation method works as follows. Data is split into k subsets of equal size. Iteratively, k-1 

subsets are used for training data to create the model, while the leftover set is used for evaluation. 

This process is repeated a total number of k times, where each new iteration has a different training 

and evaluation set (Wilbik & Kaymak, 2013, p.108). Subsequently, the prediction quality of the best 

model can be determined by averaging the evaluation metrics over the number of k.  

4 Understanding the process of data collection in hospitals 

The prediction in ChipSoft’s Software is current currently made at consult. However, the factors that 

influence the duration of surgery as outlined in the previous section were hypothesized to be 

determined in the course of the hospitals’ processes. To outline the process of information collection, 

Section 4.1 describes the phases and tasks that hospitals perform in the outpatient department before 

the surgery takes place. Section 4.2 discusses the factors at each phase in the process. Section 4.3 then 

discusses the attributes of the dataset obtained from the collaborating hospital. 

4.1 The process before surgery  

To identify the main activities before surgery, two interviews were held at two hospitals. Subsequently, 

the process was reviewed with ChipSoft experts, who are active in a variety of hospitals, to establish 

that the process, illustrated in Figure 10, generally fits hospital activities. This process also distinguishes 

between the arrival of elective and emergent patients. The interviews held focused on elective rather 

than emergent patients.  

 

An elective patient first registers at the reception or an automated desk. The patient is then consulted 

by a surgeon or assistant surgeon. The actions performed at this stage are considered out of scope for 

this research since, depending on the situation, additional scans and assessments might be required. 

The surgeon makes a final decision and stores information in the HIMS. Before the next step is 

executed, patients are normally placed on a waiting list.  

 

 



 

 

 

 
Figure 10 Steps followed by the hospital in patient’s path to the operating theatre 

 

1    Indicates that this step is done with additional people, for example, a unit- or OT-manager    

2    It should be noted that the planner of OT-staff resources planning is not necessarily the same person or a person with similar responsibilities as the planner 

……who plans OT-sessions.  



 

 

The preoperative screening (PoS) is generally conducted next, according to the protocols of hospitals, 

although a patient might be directly allocated to an OT session under certain circumstances such as 

indications of urgency. During the PoS, the patient completes a questionnaire about his or her medical 

condition. Subsequently, the anesthesiologist or assistant anesthesiologist performs tests and 

discusses the responses to the questionnaire to determine the patient’s condition. These findings are 

later adjusted or accepted by the responsible anesthesiologist. 

 

Between one and two weeks before surgery, the OT plan is discussed between unit managers of the 

OT (indicated by “1” in Figure 10) and OT planners. The availability of resources across OT sessions is 

verified, given the combination of surgeries and their planned durations.  

 

In case problems are identified (e.g., surgeries that are underestimated in duration asses on expertise,, 

patients should be in a different order, or resources are double-booked), adjustments are made. Once 

the OT plan is approved, patients are informed about their surgery dates.  

 

Finally, OT personnel and anesthesiologists are assigned to the OT sessions from one week to one day 

before surgery. These adjustments are usually made by a planner who is not necessarily the same 

person as the OT planner; this is indicated by a “2” in Figure 10. 

 

Besides phases and tasks related to elective patients, patients arrive at the emergency department 

(ED). This master thesis does not focus on the factors obtained in the emergency department, although 

it is useful to consider differences in patient flow. 

4.2 Collection of information 

To address the availability of factors outlined in the literature review and related information to 

surgeries, the process followed by hospitals as discussed in previous was used as a guideline. In short, 

Figure 11 on the next page summarizes the information collected.  

 

Patient age and gender become available during patient registration. During the patient consult, the 

surgeon or assistant surgeon asks about the patient’s symptoms and makes a diagnosis. Medical tests 

might be required before the treatment types and treatment localization (e.g. right/left/both) are set. 

The surgeon who carried out the patient consult is usually the surgeon who performs the surgery. 

Additionally, it is determined whether the patient has an urgency indication and whether the 

treatment will be inpatient or outpatient (the admission type). Occasionally, the patient is given a 

surgery date depending on the waiting list and protocols in hospitals. Besides the factors stored in the 

HiX during the consult, the surgeon is provided with the HiX estimation. The estimation is subsequently 

adopted or adjusted based on the surgeon’s experience (the surgeon’s estimation). Based on this 

expertise, the surgeon is mostly leading when it comes to the estimated surgery durations. 

 

During the PoS, the patient fills out a questionnaire, using which the patient’s medical condition is 

assessed. The responses indicate, for example, whether the patient suffers from hypertension, 

diabetes, or kidney failure, or whether the patient is allergic. 
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Figure 11 Representation of the information that is related to the surgery duration and obtained along the process in a hospital  

 

In addition, questions related to prior surgeries, medication use, and physical conditions such as height 

and weight are also asked. These questions are then discussed with the patient by the anesthesiologist 

or assistant anesthesiologist. The anesthesiologist discusses the questionnaire and determines both 

the ASA score and the anesthesia technique. The anesthesiologist might also change whether the 

patient is treated as an inpatient or an outpatient.  

 

The OT planner plans and schedules a patient manually to, and within an OT session based on the 

expected duration, remaining capacity, various plan rules, and the availability of resources. The OT 

session reflects information regarding which OT the surgery is performed in and the corresponding 

specialism because this is determined in the MSS at the tactical level. The OT planner decides the 

workload as well as the time of the day at which a patient is operated. Moreover, similar surgeries can 

be scheduled in sequence, also known as “street” surgeries, which might reduce the surgery duration 

as was obtained from the interviews. Furthermore, the planner occasionally changes the surgeon that 

will be responsible for the surgery in case the patient can be operated upon by different surgeons. 

While planning surgeries, OT planners can also adjust the estimated surgery duration, which may have 

been updated by the surgeon and is also known as the planned duration. In the subsequent phase, the 

OT-plan is discussed upon practicality leading to a possible adjustment of the factors mention in this 

paragraph. 

  

Finally, the OT personnel are assigned to the OT session one week to one day before surgery. The OT 

personnel required are different for each session, but always include an anesthesiologist. Other people 

assist the personnel responsible for cleaning or providing materials, who can be resident surgeons or 

resident anesthesiologists.  

4.3 Gathering the data 

To extract the data, a query was made in Microsoft SQL Server Management Studio. Because ChipSoft 

is not the owner of the data, the query was extracted from a peripheral hospital in the Netherlands 

that was selected based on earlier collaboration in graduation projects at ChipSoft. The attributes in 

the obtained dataset included the various factors discussed, timestamps to determine the duration of 

surgery, but also other attributes that were eventually used for data cleaning purposes. Appendix II 
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lists all the in the obtained dataset that was either used or considered in this analysis. Table 6 

summarizes these attributes into ‘groups’ with the number of attributes that fall into that group.  

 

The surgery ID was the unique identifier in the query formulated. The dataset contained HiX, surgeon, 

and planned surgery duration. The actual duration required the recorded times in the OT. These are 

the time stamps at the holding, during surgery, and the start of the PACU whereas the surgery date 

was another time stamp used. The dataset also contained information about OT sessions, such as the 

session-ID and the OT-room.  

 
Table 6 Overview of attribute categories in the dataset 

 

Name of attribute ‘group’ 

Number of 

attributes 

  

Name of attribute ‘group’ 

Number of 

attributes 

Surgery ID 1  Earnestness indication 3 

Expected duration    3   Admission type  2 

Time stamps related to the OT 11   Patient personal details 2 

OT session  1  ASA score  1 

OT room 3   Medical conditions 7 

Specialism (1–5) 1  OT personnel 1 

Treatment type / codes (1–5) 3  Surgeon details (1–5) 3 

Treatment localization (1–5) 1  Anesthesiologist details (1–2) 3 

Anesthesia technique 2  Residents 2 

 

Up to five TTs or treatment codes (TCs) per surgery were requested via the formulated query next to 

the attribute stating the total number of TCs per surgery. Also, the attribute referred to as TC details 

was requested which in most cases gave more detail on the procedure that was performed. The 

hospital uses Dutch financial codes for their treatments instead of other coding systems such as CBV2 

or self-created codes. Consequently, the level of detail is relatively low, resulting in different surgical 

activities falling within the same treatment code; thus implying that additional information can be 

obtained by means of the TC details. For each TT, the region of surgery and localization (right/left/both) 

were also requested. All these factors are categorical similar to specialism, anesthesia technique, and 

whether a patient is an inpatient or an outpatient. Moreover, the earnestness had multiple attributes, 

indicating whether the patient was an emergency or elective case next to the description stating the 

maximum number of hours, days, or weeks.  

 

Attributes that reflect team details were surgeon ID, including the surgeon’s gender and age. The same 

attributes were available for the anesthesiologist. Other attributes were the number of OT personnel 

and whether if there was a resident surgeon or a resident anesthesiologist in the OT. The patient’s 

details were provided by the attributes patient age and gender. Furthermore, medical conditions were 

reflected in the assigned ASA score; indications of inter alia diabetes, hyperthyroidism, and 

hypertension; and whether the patient had experienced a heart attack. 

                                                           
2 The CBV is a systematic list of treatments that can be used by different types of healthcare providers 

to record medical interventions (Foundation Dutch Hospital Data, n.d.). 
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5 Review and preprocessing of obtained data 

Chapter 5 discusses data preprocessing and analyzes the quality of ChipSoft’s current estimation 

method. Section 5.1 provides insights into the raw dataset illustrating the variety of TTs. The data 

preparation is described in Section 5.2, while Section 5.3 explains the steps involved in cleaning the 

data. After this, an overview of data preprocessing is provided in Section 5.4 to present the data used 

in later predictions. In Section 5.5, explorative graphs illustrate the effect of factors for different TTs. 

Last, section 5.6 provides a review of ChipSoft’s current estimation method. 

5.1 Overview of raw data 

The obtained dataset contains 60,668 records divided across 20 specialisms with 767 unique, main TTs. 

The main TT is the first of the possible 5 TTs / TCs obtained in the dataset and in most cases the only 

TT that is a actually a surgical interventions. The other TTs are for example codes for administering 

anesthesia or smaller interventions like a check by the anesthesiologist at the PACA but occasionally 

shows a second medical intervention. However, the main TT is now referred to as the TT despite an 

issue that is discussed in the limitations.  

 

Of the 20 specialisms, 8 had fewer than 1,000 surgeries, 7 had 1,001 to 2,500 surgeries, 4 had 2,501 to 

10,000 surgeries, and 1 had 10,001 or more surgeries. Moreover, how often a TT is done also varies 

considerably per TT as presented in Table 7 for the five most frequent specialisms. 

 
Table 7  Sample size of the top five specialisms in the raw dataset, including the case frequency per treatment type 

 Treatment types with case frequency (N)  

Specialism 
Number of  
surgeries  N ≤ 50 50 < N ≤ 100 100 < N ≤ 200 N > 200 

Gynecology 4,341 52 9 3 7 

Ear, nose, throat 4,539 45 5 4 5 

Orthopedics 8,842 161 11 5 7 
Eye 9,327 33 1 0 2 

General surgery 11,212 265 24 15 11 
 

In Table 7, N represents the sample size of a specific treatment, which means that there are 52 TTs 

performed less than 50 times within the specialism of gynecology. The table reveals that the majority 

of TTs are performed less than 50 times. However, to estimate the duration of surgery, a sufficiently 

large sample is required to train and test predictive models.  

5.2 Data preparation 

Preparing the dataset can generally be time-consuming, and iterations were made before the 

predictive models were created. This section describes three important preparations for subsequent 

use in the predictive modeling. Section 5.2.1 discusses how the duration of surgery was determined. 

Section 5.2.2 then describes how categories were deduced and hot-encoded.  

5.2.1 The duration of surgery 

Initially, it was decided to set the duration equal to the patient’s time in the OT. However, recording 

the start and end of the phases shown in Figure 9 (Section 2.3) is not mandatory in ChipSoft software, 

leading to missing data. Time stamps reflecting patient’s entry into the OT (the start of the pre-

https://www.google.nl/search?q=Orthopedics&spell=1&sa=X&ved=0ahUKEwj0oKuanYfZAhWEaFAKHRRQBfoQkeECCCUoAA
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operative time) and departure from the OT (the end of the post-operative time) were mostly left blank. 

Therefore, it was decided to calculate the duration of surgery based on Equation 4. Here, 𝑡 represents 

the time in minutes after midnight. 

 

4 𝑫𝒖𝒓𝒂𝒕𝒊𝒐𝒏 𝒐𝒇 𝒔𝒖𝒓𝒈𝒆𝒓𝒚 = 𝑴𝑨𝑿( 𝒕𝒆𝒏𝒅_𝑰𝑻   , 𝒕𝒂𝒓𝒓𝒊𝒗𝒂𝒍_𝑷𝑨𝑪𝑼)  −  𝑴𝑰𝑵(𝒕𝒔𝒕𝒂𝒓𝒕_𝑨𝑻 , 𝒕𝒔𝒕𝒂𝒓𝒕_𝑰𝑻) 

 

Logically, the duration of surgery is calculated by subtracting the beginning of the first phase from the 

end of the surgery’s last phase. However, the first phase is thus not recorded in the dataset; therefore, 

the lesser of the beginning of the subsequent stages, anesthesia time (AT) and incision time (IT), was 

selected. The lesser of these two entries was taken because some TTs systematically had no records 

for AT. For the last phase, the greater of the end of the IT and arrival at the PACU was chosen since 

certain treatments had systematic missing values for arrival at the PACU. The value for arrival at the 

PACU is, however, preferred over the end of the IT because arrival at the PACU occurs only a few 

minutes after the patient leaves the OT. This calculation for the duration of surgery was assumed most 

accurate because the time in the preoperative period was not included in the calculation of the surgery 

duration.  

5.2.2 Deducing and hot-encoding of categorical factors  

Factors in the dataset were mainly categorical except for patient age. The patient age was therefore 

discretized to a categorical scale with step size 20, starting at 0. One exception, which is the first 

category (0–20), is again split into two equal sets of 10 since it was assumed that patients’ physical 

characteristics in the range 0 to 20 are too diverse to belong to a single set.  

 

Furthermore, the literature review indicated that the time of the day has an impact on the duration of 

surgery. Surgeries scheduled between 08:00 and 12:00 are classified as morning surgeries, and those 

scheduled between 12:00 and 18:00 are classified as afternoon ones. Surgeries performed after this 

time represent the third category.  

 

In addition to factors found in the literature, the interviews suggested that scheduling treatments of 

similar type sequentially in an OT session likely reduces the duration of surgery. It was decided to 

model this phenomenon as an additional factor called a street. Because 767 unique TTs existed in the 

data, expecting to find similarity between the factors would be unrealistic. It was therefore decided to 

classify a surgery to be in a street if the previous TT was of the same type; i.e. at the occurrence of two 

identical TTs one after the other. The ‘street’ is furthermore a Boolean rather than a continuous value 

as the interviews mentioned that there is was assumed there is no difference between a second and a 

third or a fourth surgery.   

 

All the factors were hot-encoded. Hot encoding was done separately for each TT since categories were 

not always present for each factor. The reference category was chosen as the one that had a sample 

size of at least 10 percent of all the records. Also, the reference category equals the category that had 

the lowest distances between the mean of the log-transformed duration over the TT and the mean of 

that category for each TT. Moreover, the data contained multiple categories with a low sample size 

(N < 10). These categories were discarded, which resulted in slight pollution of the reference category. 
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5.3 Data cleaning  

Data cleaning consisted of many steps; this section describes the three main activities. The cleaning of 

irregular records is explained, followed by a description of additional outlier detection. This section 

also discusses how missing values were dealt with. 

 

The duration of surgery indicated negative and unexpectedly long durations. Irregularities were found 

in the registrations and corrected or deleted via the steps shown in Figure 12. In addition, Appendix II 

illustrates these steps using examples. Records that start before 23:59 and end in a new day report 

negative durations (A). Records ending after midnight are therefore increased by 1,440 minutes. 

Moreover, recorded times that were not in consecutive order as defined in Section 2.3, Figure 9, were 

deleted (B). Furthermore, the records showed new surgeries starting before previous surgeries have 

ended. To solve this, the end time of the earlier surgery is replaced by the start time of the subsequent 

surgery (C). There are also surgeries between two recorded steps of another surgery. A possible reason 

might be a different sequence being followed then the one planned due to incoming emergency 

patients. To ensure the validity of the data, records that had other surgeries shown in the intervening 

period were deleted (D).  

 

 
Figure 12 Steps to clean data irregularities in the duration of surgery 

 

For the remaining surgeries, the steps above resulted in non-negative surgery durations. However, a 

few surgeries still lasted longer than a full OT session, implying invalid records or outliers. Besides this, 

it is not possible to determine one fixed threshold value for excluding surgeries manually due to 

duration differences across TTs. Moreover, manually finding these values per TT is also hardly possible 

due to the number of TTs combined with the fact that a duration of 160 minutes might be normal for 

one TT that has a median of 100, while it would not be normal for another TT with a median of 45. 

Similarly, some surgeries might show an unrealistically short duration compared with other surgeries 

of a similar TT. These extremely short recorded times are possibly caused by two phenomena. First, a 

surgeon might encounter unforeseen medical complications (e.g., metastasis3) after the first incision, 

resulting in termination of the surgery. Second, records could have been created simultaneously in 

cases where making an earlier entry was forgotten.  

 

Regardless of origin, outliers negatively influence the quality of estimations. It was therefore decided 

to drop data about surgeries that lasted three times the median time (for each TT). This method does 

not affect surgery durations on the left tail since surgical durations are non-negative. Therefore, it was 

decided to ignore the surgical durations in the first percentile. Subject to this approach is the drop of 

data. Nevertheless, it is assumed that missing a small part of the data does not influence the outcome. 

Detection of outliers on both the right and left sides of the distribution is displayed in Figure 13.  

                                                           
3 The spread of cancer cells from the place where they first formed to another part of the body (NIH, 

n.d.). 

(A) Resolve data 

overnight 

(B) Delete non-
successive registations

(C) 'Late registation'
(D) 'In between 

surgeries'
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Figure 13 Outlier detection strategy 

 

Besides these data cleaning steps related to the duration of surgery, records that had no surgery details 

were discarded, for example, those in which the OT session number was missing. This step was done 

because this information was required in some of the data preprocessing steps 

 

Moreover, it was found that some candidate factors had missing values. Eighty-five percent of the 

records in the cleaned dataset had missing values for the localization attribute (left, right, both). 

Additionally, missing values were present when analyzing the final dataset per TT. In case a candidate 

factor had less than 5 percent of missing values, the missing values were replaced by the most frequent 

group(e.g. ASA 1 or ASA2) within that factor (e.g. ASA-score). The factors that had more than 5 percent 

of values missing per TT were excluded. In addition, some TTs only had one category for a particular 

factor, for example, the TTs in the gynecology specialism are for women only. More details about the 

exclusion of the candidate factors per TT from the analysis can be found in Section 6.1 

5.4 Overview of data preprocessing  

The initial 61,976 unique records were reduced iteratively using the CRISP-DM. It was decided to focus 

on TTs with more than 200 samples because sufficient data is required to train and test models. The 

preprocessing steps, summarized in Table 8, led to a final dataset of 15,757 records over 5 specialisms 

and 26 TTs, which is approximately 25 percent of all records (and 29 percent of all surgeries in the OT). 

 
Table 8 Overview of data preprocessing 

 

Type 

 

Description 

Remaining data 

(dropped ) 

 

Remarks on records deleted 

- Initial dataset 61,976 - 

Scope Surgeries in the OT 53,702 (8,274) Mainly records for specialisms 

stomach, bowels, liver and cardiology 

Missing Surgery details missing 50,686 (3,016) 

 

Mainly emergency patients in the 

specialism gSUR, ORT, GYN 

Cleaning Errors in data registration 

in and around the OT  

49,589 (1,097) - 

Cleaning Outliers detected 47,424 (2,165) Many surgeries with a low sample size 

per TT 

Scope Sample size per TT smaller 

than 200 

31,315 (16,109) - 
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Scope Specialisms with generally 

short duration  

15,757 (15,558) The specialisms eye, anesthesia, and 

ear, nose, throat  

Evaluation No evaluation possible 15,536 (221) - 

 

Although 26 TTs were considered for prediction, one TT was eventually dropped from the analysis. This 

TT was dropped due to a recalculation of ChipSoft’s method (Section 5.6.1) in combination with a high 

percentage of emergency patients. These two aspects were important while splitting the data into 

training and evaluation data, further elaborated upon in Section 6.3. 

5.5 Explorative statistics on the data 

The number of records per TT ranged from 202 to 2,302. For each specialism, the TT most frequently 

performed is listed in Table 9. Additionally, a complete overview of TTs can be found in Appendix III.  

 
Table 9 The most frequently performed treatment type per specialism 

Specialism Treatment code Treatment type (TT) Sample size 

Orthopedics 39411 Knee arthroscopy  2,302 

General surgery 35355 Cholecystectomy  1,140 

Gynecology 37177 Transcervical   758 

Urology 36520 Transurethral prostate resection 525 

Neurosurgery 38441 Lumbosacral discectomy 303 

 

The distribution of the duration of surgery, illustrated in Figure 14, differs across TTs. Similarly to 

findings by Stepaniak et al. (2009), most TTs are right-skewed.  

 

 
Figure 14 Duration of surgery per treatment type (code) arranged in ascending order of medians. 

 

Furthermore, Figure 14 reveals high variation in duration for most of the TTs. A sample-wise analysis 

of factors and TTs was therefore conducted to check the influence of the factors identified. To illustrate 

these differences by factor and TT, an overview of three factors is provided.  
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Figure 15 displays the different types of anesthesia techniques used with the transcervical treatment. 

Surgeries where spinal anesthesia is administered to anesthetize the lower body generally tend to be 

shorter compared to those where general anesthesia is administered. In addition, surgeries in which 

both anesthesia techniques are used, probably due to the failure of the spinal technique, seem to last 

the longest.  

 
Figure 15 Box plot of anesthesia techniques used for a single treatment type 

 

Figure 16 displays the ASA scores for the specialism gSUR and two TTs, and illustrates that the 

composition and proportion of ASA scores differ among TTs. Moreover, medians (M) seem to differ for 

TT 30460, whereas almost no difference is present for TT 35700, except for a few records for ASA 3.  

 

 

 

 

Figure 16 Ratio of ASA score to median surgery duration 

 

Figure 17 illustrates the surgery duration for the transurethral and total hip treatments. In each graph, 

the surgeries are split into street surgeries and those that are not preceded by a similar surgery. The 

graph on the left reveals that fewer surgeries were done in sequence for the transurethral resection 

of the bladder. However, the distributions indicate similarity in surgical duration. In contrast, almost 



27 

 

an equal number of total hip surgeries (the graph on the right) are performed as street surgeries than 

those that are not. More important, examining the shape of the distributions reveals that street 

surgeries tend to be shorter in duration.  

 

  
Figure 17 The duration of “street” surgeries and those not performed in sequence for two treatment types 

 

5.6 Review of ChipSoft’s current method in HiX 

Besides the sample-wise analysis of factors that influence the duration of surgery, the quality of 

ChipSoft’s current method was reviewed. Section 5.6.1 evaluates the estimated values in the provided 

dataset. Section5.6.2 analyses the effect of an increase in sample size in the current method. 

5.6.1 Quality of obtained data 

By default, ChipSoft’s software calculates the median over the last 10 surgeries per TSC, also referred 

to as HiX after the software’s name. The estimations were reviewed to check the method for later 

evaluation purposes.  The dataset contained HiX estimations that indicated a large deviation from the 

actual surgery duration. The scatterplot on the left in Figure 18 reveals that the values of estimates in 

the dataset mostly overestimate the actual duration. An expected duration that lasts 2 to 4 times the 

actual duration is not exceptional. These differences in estimations might be caused by invalid records 

that were present before the cleaning along with or solely because of other phenomena—for example, 

temporary bugs, different settings from the default, and overwriting of the TT performed. In any case, 

the differences between the estimated and actual duration were assumed too large. It was therefore 

decided to recalculate HiX,4 as illustrated in the right graph of Figure 18, using the cleaned dataset in 

order to compare the differences.  

                                                           
4 The recalculation of the ChipSoft method is slightly different from the original estimation. This is 

because the recalculated HiX estimation is determined time independently, whereas the original 

estimations was made immediately after the patient’s consult in the hospital's process. I.e. the time 

between the patient’s consult (the current moment of estimation in the hospital’s process) and the 

patient’s surgery was not considered. 
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Figure 18 The duration of surgery versus HiX estimation 

 

Compared to the estimations in the dataset, the recalculated values are more realistic. In terms of 

error, the mean absolute error is reduced from 28.1 minutes to 10.7 minutes, excluding the 

estimations indicating zero. Moreover, overestimations are no longer predominant in the estimations.  

5.6.2 Review of the method in HiX 

To detail the characteristics of a moving median of 10, Figure 19 displays the estimations made for 

three surgeons who perform the Hernia Inguinalis TT. Besides the warm-up period and the number of 

treatments per surgeon being different, the estimations do not exhibit an increasing or decreasing 

trend. A decreasing trend was expected because it could be argued that more surgeries lead to more 

experience and, thus, shorter durations. More important, however, is the high variation in estimated 

values using the current method: the estimations for the surgeon with ID 48 range from 42 to 65 

minutes.  

 
Figure 19 Estimations for three surgeons, Hernia Inguinalis treatment 

 

The variation in estimation led to confusion among healthcare practitioners, who corrected the high 

or low estimations according to their experience. Moreover, the non-appearance of a trend in 

estimated values indicates that an increased sample size should reduce the error. To demonstrate the 
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extent to which an increased sample size reduces error, an analysis was conducted to research the 

performance effect of different sample sizes: 5, 25, and 50.  

 

Because the required warm-up equals 50, it was decided to evaluate all TSCs that had more than 80 

records. The threshold was set at 80 in order to have at least 30 values to evaluate for each TSC. This 

resulted in the analysis of 8,892 records divided across 66 of the original 208 TSCs. The average results 

are presented in Figure 20 and Table 10. 

 

  
Figure 20 Error distribution for the median of sample size 

5, 10, 25, and 50 

  
Table 10 Mean absolute error with a median of sample 

size 5, 10, 25, and 50 
 

Model MAE 

Median (5) 11.46 

Median (10) 10.72 

Median (25) 10.47 

Median (50) 10.33 
 

 

Because the distribution of surgery durations is right-skewed, an estimation made using the median 

logically resulted in errors that were more left-skewed. Furthermore, an increase in sample size 

generally reduces the number of surgeries overestimated. In terms of the mean absolute error (MAE), 

the median (50) decreases by 4 percent compared to the median over 10 surgeries. Furthermore, as 

seen in Appendix V, only 7 of the 66 TSCs show a small decrease in performance, whereas, for the 

other TSCs, the MAE improved (or decreased) by up to 16 percent.  

6 Predicting the duration of surgery 

First of all, the predictive models that were selected use the log transformed surgery duration when 

creating the model. This was done because the distribution of surgery duration are mostly right skewed 

(lognormal) and with normal distributions some predictive models are better in fitting models due to 

the fact that less weight is given on values at the end of the right-tale.  

 

To analyze the change in prediction quality along the process of information collection, the following 

experiment was set-up as displayed in Figure 21. A brief description is given first before discussing the 

steps in upcoming sections.  

 

Predictions were made for each of the 25 TTs as this is the most common source of variability of 

surgeries performed in the OT.  The data per TT was then divided into four parts to separate emergency 

and elective patients, and make up for steps taken in data processing. Each part of the data was then 

randomly split into 10-fold using the function Python function KFold() in python’s package sklearn. This 

was done twice for the following reason. The first time the data was split (seeded 38) into 10-folds, 

cross-validation was used to find the best set of hyperparameter value(s) using the grid-search 

algorithm. The second time the data was split (seeded 93), 10-fold cross-validation was used to create 

the prediction models to later evaluate the averaged outcomes.   
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Figure 21 Experimental setup for each treatment type, predictive model, and moment of estimation 

 

This experimental set-up was applied to four moments of prediction, with corresponding factors, as is 

discussed in Section 6.1. In addition, the selected models were described in Section 6.2. Section 6.3 

discusses the combination of splitting data into four parts and cross-validation. Section 6.4 describes 

the tuning of hyperparameters whereas Section 6.5 discusses metrics used for evaluation.  

6.1 Factors per moment of prediction 

The effect of factors found in the literature was stated to be different for each TT. The factors are 

furthermore collected throughout different phases. The obtained dataset also had some missing data 

or was either not included when the query was formulated. Based on this, four moments of prediction 

were selected.   

 

The current moment of prediction in ChipSoft’s software is at the end of the consult and is the first 

selected moment. Here also the information obtained at patient registrations is included next to the 

drop of for example the TC localization. Only a few factors are available at that moment, as was 

discussed in Chapter 3.1.1. Therefore, the three alternative moments of prediction correspond to the 

other stages in the hospital process at which new information is obtained. Diabetes and hypertension 

are the medical indications used in the PoS since these were mentioned in earlier research. 

Furthermore, the name planning of resources is renamed to the moment before surgery to emphasize 

that this moment is impractical in the current process due to the timing at which the information 

become available.   

 

        
Figure 22 Representation of the four predictive moments, including factors 
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All of the 16 factors potentially influence prediction quality for a particular TT. However, it is unlikely 

that all the candidate factors improve prediction quality. This is because preliminary research revealed 

that the effect of a particular factor varies by specialism and TT.  

 

The possibility to review the factors per TT using the expertise of a medical specialist was not possible 

since a lack of medical domain knowledge for each TT in this master thesis. Moreover, if extended to 

practice and more TTs would be predicted due to more data samples, choosing the factors based on 

domain knowledge might be impractical. Therefore, feature selection (discussed in Section 3.1.1) is 

important when choosing the combination of predictive models.  

6.2 Predictive models 

Besides the candidate factors, which should be handled well within the predictive model, the use of a 

particular predictive model also affects the prediction quality. Therefore, multiple predictive models 

were selected to not rely on the performance of one particular model when comparing the quality of 

surgery predictions made at various moments along the hospital’s process. Moreover, the use of 

different predictive models is appropriate, given ChipSoft’s interest in finding a new prediction method 

that can be used in its software.  

 

Initially, the predictive models proposed in the preliminary research were considered for selection. 

The aim was to select predictive models with different characteristics while taking into account three 

aspects: performance, understandability, and suitability. The performance of a technique is 

determined by comparing the results of preliminary research with the reference model in that 

particular paper, which is usually the mean, the median, or a moving average. In case a prediction 

technique is not researched, a comparison is made using findings that are more general. 

Understandability implies ease of interpretation because ChipSoft experienced reserved reactions in 

the past to features that were not sufficiently transparent. Suitability represents the match between 

the obtained data and the characteristics of the prediction problem. This concerns the data size, data 

types, and scaling of the model, with factors added along the process of information collection in 

hospitals.  

 

Next, Section 6.2.1 places the predictive models found in literature in the context of the three criteria 

mentioned above.  Section 6.3.2 states the selected predictive models, followed by an explanation of 

the benchmark models in Section 6.3.3. 

6.2.1 Review of predictive models 

Preliminary research indicated that the quality of predictions made regarding surgery duration could 

be improved using regression (Edelman et al., 2017; Hosseini et al., 2015; Kayış et al., 2012). Moreover, 

regression models are easy to interpret and are thus understandable. The effect of a single factor can 

directly be linked to an increase in the dependent variable (A.H. Studentmund, 2014 p.13). However, 

a regression model has no feature selection capabilities by default implying that a standalone 

regression model is less suitable in context of scaling the number of factors per moment of prediction 

and factors that are TT dependent. To add, at each moment of prediction the possibility of factors 

explaining the same variance, known as multicollinearity due to correlated factors, increases because 

regression models do not include interaction effects by nature. As an effect, ascertaining the influence 

of a single factor is nearly impossible because small changes in the data can lead to shifting coefficients.  



32 

 

 

To overcome the potential problem of including non-influential factors and multicollinearity, the 

following alternatives can be used. First, applying ANOVA as a filter method for the categorical factors 

in the prediction problem would be a simple and easy-to-understand selection to include or exclude 

factors before the regression prediction. However, this does not consider the interaction between the 

factors possibly resulting in the creation of models with multicollinearity. The interaction between the 

factors can be included using wrapper methods. For example, the stepwise regression method used 

by Hosseini et al. (2015) improved the quality of prediction for a few (but not all) specialisms. However, 

this approach is greedy and may not include all the best factors that improve performance (Derksen & 

Keselman, 1992). Moreover, automated procedures such as stepwise, forward, and backward 

selection rely heavily on statistics, as can be inferred from the seven problems of automated 

procedures identified by Flom and Cassell (2007). In addition to this, Flom and Cassell (2007) stated 

that adding factors that are not statically significant could potentially improve the prediction quality 

of the model and is often overlooked. An embedded feature-selection method for regression is L1 

regularization, also known as the least absolute shrinkage and selection operator (LASSO). In LASSO, 

all the factors are included in the regression model but are penalized by adding a regularization term 

when determining the best coefficients leading to more robust and spare solutions (Hoerl & Kennard, 

1970). Logically, factors that are not of influence are then zero, making interpretation easy. This 

method has, to the best of the author’s knowledge, not yet been researched for predicting surgery 

duration. Besides LASSO feature-selection methods, other regularization techniques could be used to 

improve the prediction quality and overcome the problem of multicollinearity. For example, L2 

regularization (ridge regression) creates a non-sparse solution by shrinking betas toward zero 

(Tibshirani, 1996). 

 

Unlike regression models, feature selection is embedded within neural networks and decision trees by 

default. The quality of prediction of surgery duration is not improved by using neural networks across 

multiple specialisms (Combes et al., 2008), although for the ophthalmology specialism, both the neural 

network and the adaptive neuro-fuzzy inference system improved performance (Devi et al., 2012). 

Furthermore, both techniques are considered as black-box mechanisms and are thus not easy to 

interpret, scoring low on understandability. Furthermore, neural networks are not suitable for 

predicting surgery duration because the number of samples for most TTs is low, and a large amount of 

data is required for training neural networks.  

 

The third type of prediction method involves the use of decision trees. The use of greedy decision trees 

(DTs) did not improve the performance of the baseline model in a study by Master et al. (2017), in 

contrast to the use of random forest and gradient boosted decision trees (GBT). However, the DT is 

relatively simple to interpret and thus scores high on understandability, compared to the random 

forest and GBT methods (Kotsiantis, 2013). Moreover, when applied to small datasets, which is the 

case for some TTs, the DT is generally unstable compared to the random forest and GBT methods, 

which are more robust. This makes DT less suitable than the other two methods for this prediction 

problem. On the other hand, the random forest and GBT methods are computationally intensive and 

require more storage space (Kotsiantis, 2013), which could be an important consideration when the 

technique must be incorporated into a HIMS. 
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6.2.2 Model selection 

Although the trade-offs among the three criteria contain some subjectivity, the following decisions 

were made regarding the predictive models selected. On the basis of the explanation provided in the 

previous section, a neural network type of model was not selected because all the criteria score low 

except for the performance of a single specialism. Instead, three regression and two decision tree 

methods were selected in order to have diverse models and evaluate their performance at the four 

moments of prediction 

 

Regression was selected in combination with the filter method ANOVA for its understandability. The 

LASSO method was preferred over ridge regression because LASSO can generate sparse solutions. 

Moreover, LASSO was preferred over wrapper methods for two reasons. First, LASSO does not rely on 

the statistics that accompany the wrapper method. Second, LASSO has, to the author’s knowledge, not 

yet been researched in the literature, making it of interest. In addition, regression without feature 

selection was included to indicate the effect of the feature selection method on predicting surgery 

durations.  Background information regarding the selected models was earlier discussed in Section 

3.1.2. Moreover, the regularization term for LASSO is discussed in Section 6.4.   

 

Additionally, two types of decision trees were selected. The DT was selected due to its 

understandability and the fact that more data was available compared to that in the research by 

Master et al. (2017); 1,713 surgeries in total over 10 TTs, varying from 90 to 455 samples. Finally, the 

GBT was selected because it is more robust than the DT and outperformed both the DT and the random 

forest decision tree. The greedy decision tree (DT) was build using the function DecisionTreeRegressor()  

and the GBT was made using the function GradientBoostingRegressor() , both in the Python package 

sklearn. Background information on the selected models was earlier discusses in Section 3.1.2, 

whereas the selected hyperparameter and hyperparameter values of both models are discussed in 

Section 6.4. 

 

Besides the predictive models listed above, it was decided to compare the performance of the 

predictive models with three benchmark estimations. The first benchmark is the planned duration, 

which is set by the OT planner and represents human actions. The second benchmark is HiX estimation 

and represents the technique currently used by ChipSoft. Third, the median over the training data is 

calculated and used to estimate the duration of surgery.  

 

6.2.3 Description of benchmark models  

This section briefly discusses the three estimations, presented in Table 11, that were used as 

benchmarks.  

 
Table 11 Overview of benchmark estimations 

Model type Estimation method  Abbreviation  

 

Benchmark 

The duration as planned by the OT planner                                          Planned 

The recalculated median per TSC over the last 10 surgeries HiX 

The median per TSC over the training data Median 
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The planned duration represents the final decision made by the OT planner and is included to 

benchmark the predictive models with the human estimation. The planned duration was available in 

the obtained dataset and was established as follows. The initial estimation of duration of surgery made 

by the HiX software was evaluated by the surgeon and possibly adjusted according to his or her 

expertise. Subsequently, the OT planner may have adjusted the duration again if needed. According to 

the interviews, OT planners change the duration of surgery suggested based on their own experience 

or via memo fields. For example, OT planners may modify excessively optimistic estimations made by 

the surgeons or change the estimated duration if the sequence of surgeries in a particular OT session 

would lead to fewer or more minutes being required.  

 

The review of the HiX estimations in Section 5.6 revealed that the provided estimations were 

recalculated to exclude unlikely and extreme values. These new estimations were used to evaluate the 

performance of different models. The warm-up period led to 10 records with no estimation per TSC. 

These records were therefore not evaluated, although they were used for training, as described in 

Section 6.2.3. 

 

The median for each TSC was selected to check the effect of reduced variance in the estimation. 

Although an increase in sample size to 25 or 50 was considered for the benchmark model, such an 

increase would have reduced the number of records that could be evaluated. Hence, given the 

relatively low sample size for the various TTs, the median over the training data was used as an 

alternative approach. The sample-wise selection of the TSC generally displayed no trend of either 

reducing or increasing the duration of surgery over time. A similar conclusion was obtained from 

interviews held with hospital personnel, except for those with the starting surgeons. Starting surgeons 

generally operate slower during their first few surgeries; however, an increase in work rate later is not 

common. Therefore, the third reference model created was the median per TSC over the training set. 

Although not similar, the benefit of this method is that with an increase in sample size, the effect of an 

increased sample size in ChipSoft’s current method can be evaluated with the selected predictive 

models. 

6.3 Splitting the data for prediction purposes 

After the data was preprocessed, the moments of prediction chosen, and the prediction models 

selected, the models and estimations needed to be created.  

 

Due to re-calculation of the benchmark estimation HiX, there were no predictions for the first 10 

records per TSC. Including these records in the prediction models is unfair although dropping the 

surgeries would also limit the training of models substantially since depending on the TT there were 

three to 18 surgeons. Therefore, a different approach was taken, which is discussed in a bit. This 

approach also considers the fact that emergency patients do not follow the same path through the 

hospital in which it is unlikely to assume that all details are obtained. For emergency patients, some 

information (e.g. the admission type) was assumed to be filled after the surgery. Predicting an 

evaluating the records with emergency patients would not be representative. However, these records 

could be used for training the predictive models whereas both the factors and the surgery durations 

are known.  
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Besides some parts of the data that cannot be used for evaluation, the amount of data available, which 

is common in practice. With sample sizes ranging from 202 to 2,302 records, the preferred way of 

splitting the dataset into training, validation (to tune the hyperparameters), and test sets is not 

possible. Given the information above, a different approach then splitting the data into three subsets 

was chosen. Usually, cross-validation, bootstrapping, or the hold-one-out method is used to assess the 

performance of predictive models when the amount of data is limited (Wilbik & Kaymak, 2013). For 

this master thesis, 10-fold cross-validation was selected because this method works better in real-

world problems (Kohavi, 1995). Moreover, less computation time is required compared to the hold-

one-out method or bootstrapping. The computation time was considered important because 

estimations were made at different moments for multiple models with a wide range of 

hyperparameters via the grid-search algorithm. 

 

Combing the use of elective patients and zero-estimations of the benchmark model for training 

purposes with cross-validation lead to the split of the data per TT as visualized in Figure 23. In summary, 

before splitting data by means of cross-validation the dataset per TT was divided into four parts and 

merged for the k-folds classified as training, whereas records with only elective patient and non-zero 

estimations were used for validation respectively testing.  

 
Figure 23 10-fold cross-validation method for each part of the data 

 

As mentioned, splitting the data per treatment type is done twice. This is done because performing 

model evaluation via a single cross-validation would violate the idea of separation among the training, 

validation, and test data.  

6.4 Parameter tuning  

For the DT, GBT and LASSO setting hyperparameters and their values were required. In general, 

manually choosing the combination of hyperparameters and corresponding values limits the number 

of models and, thus, the discovery of the best prediction model. Also, for this thesis, manually setting 

values was nearly impossible since predictions had to be made for 25 TTs at 4 moments, leading to 100 

prediction models per DT, GBT, and LASSO. Therefore, it was decided to find a useful set of 

hyperparameter values by using the grid-search algorithm defined in 3.2. The grid-search algorithm 

search over all combinations of the hyperparameters and hyperparameter values selected. The Loss 

function used in this search was set to be the MSE and averaged over a 10-fold cross-validation 

described in the previous section.  
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For the LASSO the regularization term needed to be set.  Finding the best regularization was done by 

trial and error whereas the range of alphas can depend on many aspects like the data size, the number 

of factors included that varied substantially among the TTs. In addition, the fact that the surgery 

duration was log-transformed also has an effect.  With the help of the grid-search and iteratively 

adding the step-size the best alphas were found in a range of 0.0001 and 0.1. The step-size of 0.0001 

would lead to thousand options that were classified as too much for 1 hyperparameter leading to high 

computation time with an additional cross-validation. Therefore, it was decided to set the range of 

regulation term in the following way: 0.0001, 0.0002 …, 0.0009; 0.001, 0.002, …. 0.009; 0.01, 0.02….,  

0.1. This led to 30 values in the grid-search in order find the best alpha term for a particular 

combination of the TT and the moment of prediction.  

 

For both DT and GBT, the splitting criterion was set equal to the MSE. The other hyperparameter 

selected in Section 3.1.3 was again found by trial and error and led to the specified set of values per 

hyperparameter as defined in Table 12. Fro the DT,  The tree depth was set by a minimum of 2 with a 

step-size increase of 1. For most TTs, the best range was found between a tree depth between 5-8 

likely due to the amount of data available. An alternative manner to prevent trees from overfitting was  

the use of either the minimum size at the leaf nodes or a minimal information gain. Since both possibly 

work and could possibly affect each the minimum were set to 1 respectively 0. This actually results in 

some trees tested with no pre-pruning.  

 
Table 12 Hyperparameter values for the DT and GBT models 

 DT GBT 

Hyperparameter Min. Max. Step size Min. Max. Step size 

Tree depth 2 15 1 2 5 1 

Minimum leaf size  1 51 5 1 21 5 

Number of iterations - - - 5 250 5 

 Set Set 

Information gain  [ 0, 0.001, 0.01] - 

Learning rate -  0.1 

Splitting criterion MSE MSE 

 

Compared to for example a DT, the tree depth and minimal required sample size per leaf node were 

set lower. This was done because the strength of the GBT is to fit weak learners, and doing this saves 

computation time as it lowers the possibilities in the grid-search. Because the number of iterations and 

the learning rate are related, e.g. when a lower learning rate is chosen, more iterations are required. 

Therefore, the learning rate was set fixed at 0.1, as is generally considered as a good practice. 

Moreover, the number of iterations set by means of trial and error ranged from 5 to 250 to predict the 

25 TTs.  

6.5 Evaluation metrics 

As for last part of the experimental set-up, the prediction models were evaluated. The prediction 

quality of the predictive models at different moments of prediction was evaluated by using two 

measures: the generally applied MAE and the level of correctness. This last measures provide insights 

into the degree of prediction that under- respectively overestimate the actual surgery duration. 
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When evaluating surgeries, the level of correctness is a more intuitive metric for non-statisticians, 

according to Master et al. (2017). A surgery is correctly estimated when the prediction (ŷ) falls 

between a specified percentage (𝜏) above and below the actual duration of surgery (𝑦). As a result, a 

prediction that is above the upper limit of the range is classified as overestimation. Logically, an 

estimation below the lower limit is classified as an underestimation, as presented in Equation 4.  
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𝑰 =  { 
  𝑶𝒗𝒆𝒓𝒆𝒔𝒕𝒊𝒎𝒂𝒕𝒆,     ŷ >  (𝒚 +  𝝉 ∗ 𝒚)

𝑼𝒏𝒅𝒆𝒓𝒆𝒔𝒕𝒊𝒎𝒂𝒕𝒆,     ŷ <  (𝒚 −  𝝉 ∗ 𝒚) 
 𝑪𝒐𝒓𝒓𝒆𝒄𝒕,       𝒐𝒕𝒉𝒆𝒓𝒘𝒊𝒔𝒆 

 

 
This measure is especially interesting in combination with the MAE. Namely, the MAE provides an 

average, which could theoretically result in the following of the two extremes examples. E.g. One 

surgery is predicted extremely bad with all others being nearly equal to the actual duration leading to 

a certain average, compared to all surgeries being precise this average.  Using the level of correctness, 

an feeling can be obtained on how often surgeries are actually predicted ‘correct’ which may be 

preferred in some occasions.   

 

The predictive models were evaluated using 10- and 20-percentage margins. Higher percentages were 

practically not desirable, given that the deviation would be too large. It should however be noted that 

the range of correctness is not fixed because the effect of a 10-percentage margin is higher for 

durations that last longer. In addition to the correctness, this metric can also indicate whether the 

predictive model is likely to underestimate or overestimate predictions.  

 
Furthermore, it should be mentioned that focus of this master thesis was to predict the duration of 

surgery rather than to reviewing the contribution on individual factors. This was decided because non-

statistical relations can have more predictive power than a model, which contains only factors that are 

statistically significant (Shmueli, 2011). Moreover, the analysis between estimation models and 

moments of prediction lead to 500 predictive results averaged by means of cross-validation making it 

hardly impossible to address the effect of factors as these were stated to be TT dependent.  It is 

however interesting to see how the feature selection methods in regression handle the factors 

differently compared to regression, as this model would otherwise not have been selected for this 

study. Therefore, the two TTs are selected to illustrate the coefficients for each of the regression 

models. Unlike regression models, the effect of a factor in gradient boosting is harder to measure. The 

metric that is often used is the relative importance as proposed by Breitman (1984), which can also be 

used for the DT. The relative importance is calculated by normalizing the total decrease of the selected 

splitting criterion that was gained by the factor also be used for the DT.  

7 Evaluation 

Chapter 7 evaluates the prediction quality of the predictive models along the process of information 

collection and places this analysis in the context of use in a HIMS. First, Section 7.1 briefly discusses 

the factors used in each predictive model for each TT. Section 7.2 discusses the change in prediction 

quality by means of a weighted average over all TT. In addition, the prediction increase per TT is 

presented to get some feeling about how the effect of additional information is different per TT. Last, 

Section 7.3 places this change in prediction quality in the context of hospitals. 
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7.1 Factors used for prediction 

Not all the candidate factors were included when the predictive models were created. In order to 

illustrate the origin of exclusions (as discussed in the sections data preprocessing and model selection), 

Table 13 provides an overview per TT. At the top of this table, the TTs are represented by means of the 

TCs. On the left, the candidate factors are given corresponding to the moment of information 

collection on the right. The orange squares indicate factors that were excluded due to lack of data. The 

yellow squares indicate that there was only one category within that factor. The green squares are the 

candidate factors used in the five prediction models. The only exceptions are the light green squares, 

which represent those factors excluded from the regression with ANOVA feature selection.  

 
Table 13 Overview of factors per treatment type 

 
 

It should be noted that the ANOVA as part of the predictive model Reg_f mostly excludes the factors 

that become available before surgery. Also, the medical indications were never included in the Reg_f 

model. If based on ANOVA, the factors that are most responsible (in number of TTs) for indicating 

differences in surgery durations are the operating surgeon, the treatment details and the anesthesia 

technique applied. In addition, the fact that surgeries are operated in a street as revealed by interviews 

is included in the Reg_f model for approximately half of the TTs researched. 

7.2 Predictive performance 

This section discusses the predictive performance of the models in two ways. First, the 575 different 

predictions were aggregated to show the overall results in Section 7.2.1. Subsequently, the prediction 

quality of individual TTs is discussed in Section 7.2.2 to demonstrate that the added value in terms of 

prediction quality throughout the process of information collection differs per TT. 

7.2.1 The weighted prediction quality 

Figure 24 illustrates the weighted results of this study. For both graphs, the X-axis represents the 

methods of prediction. The moments of estimation are presented in color to illustrate the added value 

of new information in terms of prediction quality for the selected models. The data points on the left 

graph indicate the MAE, as is represented on the Y-axis. In the left graph, the lower points indicate 
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improvements in prediction, while in the right graph higher points correspond to an increase in 

prediction quality. The Y-axis of the right graph is the level of correctness at the 20 percent margin. 

 

  
Figure 24 Overall comparison between models at different moments 

 

The benchmark models are not different across the four moments of prediction because the same 

information was used. However, it can be concluded that an estimation by the planner (planned) is 

outperformed by ChipSoft’s current method (HiX) in terms of both MAE and level of correctness. In 

turn, HiX is outperformed by the estimation by the model median, which is logically similar to the 

earlier conclusions in Section 7.2. 

 

Another conclusion that can be drawn from Figure 24 is that the overall prediction quality further 

increased independently of the moment of prediction or the predictive models. Namely, although the 

level of correctness at the prediction moment of consult is almost similar to the median, the MAE was 

decreased up to 14.7% when compared to the HiX method, as represented in Table 14. 

 
Table 14 Mean absolute error improvement compared to HiX 

HiX MAE = 11.2 minutes 

Moment Planned Median DT GBT Reg Reg_f LASSO 

Consult 

5.0% -4.0% 

-9.1% -10.2% -9.4% -9.6% -9.7% 

PoS 

-11.8% 

-13.9% -13.0% -13.1% -13.2% 

Planning -14.7% -13.9% 
-14.0% 

-14.1% 

Before surgery -14.5% -12.6% -13.8% 

Before exploring the prediction quality of the selected models, it can be observed that 3-4% points in 

MAE are gained when the surgery duration is predicted after the PoS compared to the moment of 

consult. Similarly, the level of correctness at the 20 percent margin increases by approximately 3 

percentage points. Shifting the prediction to the subsequent moment, i.e. planning, led to a minimal 

increase in prediction quality. At this moment, the prediction quality of the DT remained similar, 

whereas the MAE in the other models increased by only 1% point, and not more than 0.25% points 

were gained in the level of correctness. Next, when the surgery duration was predicted just before 

surgery the information collected was almost similar in prediction quality. However, there is a 

noticeable decrease for the regression model (Reg), which can be explained by the lacks of feature 

selection capabilities. 
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Comparing the overall prediction quality of the prediction models at the different moments of 

prediction led to the following conclusions. When estimations are made at the current moment of 

prediction, the consult, the difference in performance between models appears negligible. However, 

when more information is collected the DT model is outperformed by the other prediction models. 

Furthermore, the performance of GBT is around 1% point better compared to the three regression 

models for all consecutive moments after the consult.  

 

The information collected until the moment of planning increases prediction quality. Knowing this, it 

is interesting to observe the effect of these factors in terms of reduced over- and underestimated 

surgeries when compared to the HiX model. As a starting point, the left graph in Figure 25 shows the 

percentage of correctness on the y-axis and HiX being the model on the x-axis. HiX, underestimated 

almost 19% of surgeries and overestimated 21% of the surgeries at the 20 percent margin of 

correctness.  

 
 

  
Figure 25 Classification of predictions at the 20 percent margin compared to HiX at the moment of planning  

 

The right graph in Figure 25 presents the predictive models on the X-axis and the change in percentage 

points compared to HiX at the moment of planning on the Y-axis. The planned duration is generally 

less compared to HiX, leading to more underestimations. Estimations using the median, however, are 

more likely to be correct at the cost of both over- and underestimations. Furthermore, when 

comparing prediction models it can be noted that the increase in correctness is gained from the 

reduction in the number of under- respectively overestimation by a ratio of 2.5 to 1 at the 20 percent 

margin of correctness. The change compared to HiX is similar at the 10-percent margin of correctness 

for the models planned duration and the median (Appendix V). However, the increase in correctness 

for the other estimations is approximately 2 percentage points lower compared to values in Figure 25. 

Moreover, this increase in correctness comes almost completely from the decrease in a number of 

underestimations. 

7.2.2 The predictions quality per treatment type 

The prediction quality of the GBT and the three regression models were almost equal in performance 

when weighted overall TTs. Furthermore, the models outperformed the DT and all benchmark 

estimations. However, when comparing the model characteristics and prediction quality for individual 

TTs some nuances can be made. Two TTs were discussed, the TTs with the highest and respectively 

lowest sample size.   
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The first TT analyzed is the neurosurgical treatment laminectomy (TC 30327), which is the treatment 

with the fewest samples and factors. The left graph in Figure 26 shows that prediction via the best 

reference model, the median, was not improved as new information was obtained throughout the 

data collection along the hospital process. Another important aspect that can be overserved from the 

right graph is the effect of feature selection. The y-axis list the hot-encoded factors and x-axis displays 

the beta coefficients, which are in percentages. This is results from the decision to log transform the 

surgery duration before prediction. The relation between the surgery duration is a log-level relation 

ad should be interpreted as follows. Comparing surgeon 3 with the reference surgeon 2 (S3/r:S2) the 

beta coefficients of the LASSO is to 7.5 percent. This implies that the model would predict a new 

surgery operated by Surgeon 3 instead of surgeon 1 is predicted 7,5 percent higher, under the 

condition that all other factors are constant.   

 

  
Figure 26 Evaluation of the treatment laminectomy  

 

Besides this interpretation, the ANOVA filter method and the LASSO lead to a selection of factors based 

on the beta coefficients. The same conclusions could be derived from the relative feature importance 

as a measure for the DT and GBT (Appendix V). The DT indicated that the increase was mostly gained 

by the surgeon. The GBT model also showed that the surgeon was most the most important factor in 

predication quality. While the other factors in the GBT model also influenced the prediction quality, 

there was not much difference between them.  

 

The TT with the highest number of samples is the knee arthroscopy (TC 39411). In examining the level 

of correctness at the 20percent margin a few things can be noted. The left-hand graph in Figure 27 

exhibits almost an identical shape as the overall performance. Furthermore, the new information 

obtained before surgery leads to a 1% point increase in correctness, although in terms of MAE the 

performance remains similar between the models (Appendix V). When looking at the relative feature 

importance in the right-hand graph in Figure 27, it can be concluded that the surgeon is the factor with 

the highest influence in prediction quality for the GBT model. Moreover, the surgery details, the 

anesthesia technique, the factor street and the age category have an influence of more than 5%. The 

same factors (except age category) have the most influence in the DT, although the exact percentages 

are different. Lastly, these factors also account for the highest beta coefficients in the regression 

models, and when looking at the LASSO results the other factors are (nearly) zero. 
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Figure 27 Evaluation of the knee arthroscopy treatment 

 

When comparing the weighted results with the two sample TT, some contradictions were identified 

regarding the increase in prediction quality of both models and moments of prediction. This is 

(logically) the consequence of the differences in sample size per TT; TTs with more samples have more 

impact on the weighted results. The evaluation per TT is therefore important, but also highly time-

consuming. This led to the decision to use heat maps to give the reader a better understanding of the 

impact of the process of information collection per TT. 
 

 

First, Figure 28 illustrates the increase in prediction quality using the information obtained at the 

current moment of prediction compared to the current prediction method in HiX. On the Y-axis, the 

25 TTs are listed (ordered by descending sample size) while the prediction models are presented on 

the X-axis. 

 
Figure 28 Prediction gain in MAE compare to HiX method 

 

The additional information obtained at the current moment of prediction led to an improved 

prediction for almost all TTs. Only the neurosurgical treatments (TC 30327 and 38441) showed almost 

similar performance. Moreover, prediction increases ranged widely between TTs, reaching up to 24.6% 

for the mama tumor treatment (TC 33911). Most (10) TTs improved prediction quality by 5-9%, four 

TTs increased by 10-15% and three TTs improved by more than 15%. This resulted in eight total TTs 

that showed prediction quality improvements below 5%. 
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Figure 29 illustrates how the process of information collection affects prediction quality for the 

different TTs. The figure shows three heat-maps and compares the prediction quality (in MAE 

percentage points) to that from the previous moment of prediction. The axes are similar to those in 

the figure above, although it should be noted that the scale is different and reflects the change in 

percentage points rather than the change in percentages. Enlarged heat maps can be found in 

Appendix V. 
 

 
 

Figure 29 Visualization of the change in prediction quality by prediction moments, models and treatment types  

 

The three heat maps reveal that indeed prediction quality is mostly affected by the PoS with an 

increase of up to 14.9% points. Furthermore, with information obtained at the PoS the DT decreases 

for especially low volume sample TTs, likely due to the greedy splitting. The prediction increase 

compared to the prediction moment at consult is for most (11) TTs lower than 2% points. An increase 

of 2-4% points was gained for six TTs, five TTs increased by 5-10% and three TTs improved in predicting 

quality by more than 10%. 

 

The added value of the information obtained after planning is not only less influential per TT, the 

number of TTs affected by the information is also lower, with seven TTs showing a decrease in 2-3 MAE 

percentage points. Finally, the information before surgery shows that the prediction quality mainly 

decreases in the regression model, whereas the performances chance of the GBT, Reg_f and LASSO 

were mostly marginal. Although non-influential factors do not necessarily decrease performance (Flom 

& Cassell, 2007) it might not represent actual factor effects, the need for feature selection became 

clear for factors obtained before surgery. 

 

Finally, for details about the effect of summing the performance increase according to the moment of 

prediction for each TT, Appendix V visualized these increases compared to the HiX model. The 

performance metrics of the 800 predictions were not included in the appendix, thought the MAE, MSE 

and level of correctness and model characteristics as the alpha of the beta coefficients can be asked 

for upon request.  

7.3 Surgery prediction in a hospital information management system 

The increase in prediction quality is not the only important aspect to consider when choosing the most 

beneficial moment of prediction within a HIMS. To select the most beneficial moment the trade-off 
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between the benefits (not measured in cost) gained from the increase in prediction, hospital aspects 

and development effort were briefly discussed. As a side note, due to the relationship between 

ChipSoft and hospitals the development effort made at ChipSoft could not directly be linked to the 

benefits gained in one hospital. In addition, the moment before surgery was not evaluated due to the 

lack of prediction increase and the previously mentioned inoperativeness. 

 

Alternative predictive models at the moment of consult do not lead to any differences in terms of 

organizational aspects. Surgeries predicted at the PoS might suffer from the responsibility that 

surgeons have concerning the estimations. Namely, an update of the surgery estimation after the PoS 

is not likely to be seen by the surgeon. I.e. the surgeons lose the responsibilities over its estimation. 

However, as identified in the business process model in Section 4.1, the 

OT-session is evaluated on its practicality implying there will be a check 

based on expertise. This is somehow in line with Larsson (2013) who 

advised to bundle estimations with expertise. When predictions are 

made at the moment of planning the OT-planners experience should be 

considered. Because in the current way of working the planners plans 

manually.  This would require the software to constantly update the 

estimations, which might in practice lead to the loop visualized in Figure 

30. Each time surgeries in OT sessions are adjusted the planner possibly 

receives new information, which could cause confusion. 

 

The potential benefits of an improved prediction quality within ChipSoft’s HIMS is not limited to the 

hospital researched. The software is standardized and is thus could potentially be used at  70 percent 

of hospitals in the Netherlands, corresponding to ChipSoft’s market share (ChipSoft, n.d.-b). 

 

The calculation of the monetary benefits requires an evaluation of OT sessions estimated by both HiX 

and the predictive models. This was, however, beyond the scope of this master thesis. Furthermore, if 

such an analysis were made, the difference in minutes of over- and underutilization could have been 

calculated. However, linking this difference to cost is dependent on many different factors, as 

described by Macario (2010). Macario stated that the answer to the question of what each minute in 

the OT costs could be answered with: it depends. In the context of work pressure, personnel working 

in healthcare experience the highest level of work pressure compared to other industries (CBS, 2016). 

Besides monetary benefits, increased prediction quality could help reduce the peak demands in OT 

downstream facilities as discussed in the introduction, thereby decreasing work pressure for 

healthcare professionals. 

 

The effort for developing an additional moment of prediction was estimated to be between 40-60 

hours by ChipSoft. Furthermore, it was estimated that in the coming years, five hours per month would 

be needed for support services related to this feature. In addition, the creation of the predictive 

models requires additional effort depending on the specific model. 

 

In conclusion, although the benefits are not quantified monetarily and there is no one to one relation, 

the costs of development effort seem marginal compared to the benefits for the sizable number of 

hospitals that make up ChipSoft’s market share. Next, the fact that OT sessions are manually planned, 

possibly leading to confusion for planners due to constantly updating surgery durations, were assessed 

Adjust 

OT - session

Update 
estimation

Figure 30 Possible loop when 

estimations are updated  
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not worth the one percentage point increase in MAE compared to the PoS. The PoS is therefore 

assessed as most beneficial moment of prediction in the HIMS. A side note, hospitals should agree on 

handing over the responsibility that possibly, a surgeon can have with regard to his or her decision on 

the expected surgery duration.  

8 Conclusion 

In this chapter, the findings of this research are summarized to answer the research question via the 

sub-questions formulated in Section 1.2. 

 

- What are the influential factors affecting surgery durations and state-of-the-art predictive 

models in existing literature? 

According to the literature, the factors that influence the duration of surgery can be grouped into 

respectively procedural, team, temporal and patient (medical) characteristics. Furthermore, 

researchers have concluded that the effect of a factor is TT dependent. The state-of-the-art prediction 

models that included one or more these factors were regression models, decision trees and neural 

networks, of which the last of these only improved predictions for ophthalmology. Furthermore, log-

normal distributions functioned better for TTs compared to normal distributions, while the Markov 

Chain Monte Carlo simulation improved predictions for surgeries that are performed infrequently 

(N<25). 

 

- What are the stages and moments of information collection that are suitable for predicting 

surgery duration when considering the current practices in hospitals that use ChipSoft’s HiX 

software?  

Logically, the current moment of prediction at the end of consult could be used for the predictive 

models. However, this limits the factors that can be included because only the surgeon, operation and 

some patient characteristics are known at this time. The second potential moment is after the PoS, 

during which the patient’s medical characteristics are determined as well as the anesthesia technique. 

Third, the factors part of the temporal characteristics become available when planning. Finally, team 

characteristics are available between one and eight days before surgery. This information is reflected 

in the predictive moment before surgery, which is however likely to be inoperative due to practical 

constraints. Estimations made while planning would require dynamic updates that might cause 

confusion for the planner. Next, patients can be planned before the PoS, requiring an initial estimation 

at consult. Lastly, if predicted at a later moment agreements should be made regarding the 

responsibility of the estimated surgery that is currently mostly devoted to the surgeon’s expertise since 

he or she assesses the estimation given in HiX.  

 

- What preprocessing is required considering the characteristics of the dataset obtained from 
the collaborating hospital? 

The data needed to be collected in the OT complex were rarely filled leading to the approximation of 

the surgery durations. Furthermore, the timestamps were used to obtain the temporal factors. Per TT, 

some factors had missing values (<5%), which were replaced by the modus of the most occurring 

instance of the factor, after which they were hot-encoded. Next, the dataset required re-calculation of 

HiX. In addition, the number of TTs was large and how often these different surgeries are performed 

varies widely. In the end, preprocessing led to 25 TTs that were included in the analysis.  
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- Which modeling techniques are convenient to use when comparing the prediction quality at 

different moments considering the dataset, business requirements and predictive models 

studied in the literature? 

Cross-validation was applied twice to overcome the problem of low data volume per TT while taking 

into account the separation between elective and emergent patients and benchmark estimations 

being (non) zero. Because the effect of a factor is TT dependent, feature selection was needed. Based 

on this and the performance, understandability and suitability criteria, five predictive models were 

selected in addition to the three-benchmark estimations. The models selected were the DT, the GBT, 

Reg, Reg_f and LASSO. For the creation of the models DT, GBT and LASSO, the hyperparameters were 

tuned via the grid-search algorithm. 

 

- Which of the identified moments of prediction is the most beneficial considering the trade-off 

between the gain in prediction quality, the daily practice in hospitals and the required effort to 

adapt the hospital information management system? 

The change in prediction quality throughout the process of information collection is TT dependent. For 

all of the TTs, the increase in each predictive model is somewhat similar, except for the DT and the Reg 

before surgery. Therefore, it can be concluded that the information obtained up to the moment of 

planning leads to the highest prediction quality. Compared to the current method, HiX, this is an 

increase of 14-15% in MAE compared to 13-14% after the PoS. Therefore, when considering marginal 

benefit, the effort needed for development and the fact that OT sessions are planned manually, which 

possibly leads to confusion for planners due to constantly updated surgery durations, surgery are most 

beneficial predicted at the PoS.  

 

This section concludes by answering the research question 

 

How does the prediction quality of surgery duration change 

 along the process of information collection in hospitals? 

 

The information collected at the current moment of prediction (at consult) results in the highest 

increase (9-10%) in prediction quality compared to the benchmark estimation in HiX. However, when 

the information obtained at the PoS is added, an additional 3-4 percentage points in MAE can be 

gained, which is the highest increase between any consecutive moments of prediction. The next 

prediction moment is planning, which yields another percentage point (in MAE) increase. Information 

used at the prediction moment before surgery does not improve prediction quality. In terms of 

correctness, the total increase in prediction quality, which is around 6 percentage points at the 20-

percent margin, is gained from the reduction of the number of surgeries that were under- respectively 

overestimated (in a ratio of 2.5 to 1)  with HiX. Based purely on prediction quality, surgeries are best 

predicted at the moment of planning. However, when considering the trade-off between the 

prediction quality gain, development effort and hospital practices, surgery predictions can be said to 

be best made at the consult and updated after the information from the PoS is collected. 
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8.1 Recommendations  

The recommendations are for ChipSoft and the hospital from which the data was obtained. 

Interpreting the results for other purposes should be done carefully, as Stepaniak, Heij and De Vries 

(2010) have demonstrated that the effect of factors influencing surgery duration can vary across 

hospitals. 

 

First, the current moment of prediction (consult) limits the number of factors that can increase the 

quality of surgery predictions. Rather than shifting the moment of prediction from consult to the PoS, 

ChipSoft is advised to add the PoS as the second moment of prediction. Updating the surgery namely 

prevents missing estimations if patients are occasionally planned before the PoS. It should be noted 

that adding a second moment of prediction requires hospitals to make clear agreements about the 

responsibility regarding estimated surgery duration when this estimation is currently reviewed by both 

the surgeon and planners. This aspect is also interesting for future studies, as discussed in more detail 

in the next section. 

 

Second, it is advised to use a different predictive model than the current median of the last 10 surgeries 

per TSC. Although the difference in prediction quality between the GBT and the regression models was 

minimal because understandability was also found to be important the use of LASSO or the regression 

with filter model is advised. 

 

Third, this thesis researched the prediction quality for TTs that had more than 200 samples after data 

preprocessing. When predicting surgery duration in the HIMS, this (200 or an alternative threshold) 

should be considered before using an alternative predictive model. As a result, ChipSoft is advised to 

build a new prediction feature in addition to the existing estimation technique. I.e., only if the volume 

of data per TT meets a certain threshold the new predictive model should be used. Otherwise, the use 

of the current method is advised as no conclusion can be made regarding TTs with low volume data.   

 

If however a different moment is selected, this research determined that factors identified in the 

recent literature and available at the moment before surgery do not increase the prediction quality of 

surgery durations. Therefore, there is no need to include this information for prediction and planning 

purposes. This is true for both ChipSoft as well as the hospital itself if for some reason the hospital 

decided to switch to an alternative prediction tool.  

 

Finally, prediction models were made based on an approximation of the actual surgery duration due 

to missing timestamps in the OT. Although it could be argued that the differences are likely to be 

minimal, obtaining registration timestamps of patients entering the OT and leaving the OT is logically 

preferred. 

8.2 Limitations and future research 

There is always room for improvement in any research project. This section discusses some limitations 

and provides some suggestions for future research. 

 

This study focused on the change in prediction quality along the process of information collection in 

hospitals. Although some practical difficulties were discussed, the surgeon’s and planner’s view on 

either losing responsibilities on estimated surgery duration or planners showing constantly updates 
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could be analyzed in more detail. Therefore, future research could focus on the consensus across 

hospitals about these two aspects. From the user experience point of view, future research could focus 

on either the technical or the visual elements that are required of prediction software. For example, 

this might include allowing the surgery duration to be automatically updated within a certain margin 

without notifying the user. 

 

The obtained dataset had some limitations and the actual surgery durations had to be approximated 

differently than was originally intended. Moreover, the prediction is made with data that was realized, 

which not reflect the following that is likely to appear in practice and would affect the prediction 

quality negatively. A patient that is expected to be an outpatient, could due to a complication during 

surgery become an inpatient. If predicted in practice the patient is indeed classified as an outpatient 

and given a certain surgery duration, whereas in the predictive models made during this study the 

patient would be classified as inpatient due to overwriting of data.   

 

Furthermore, the hospital from which the data was obtained is relatively small, which limited the 

sample size per TT and possibly the prediction quality. The appliance of cross-validation, twice, was 

deemed necessary especially for the TTs with a small data. Sample-wise, testing this decision for the 

top five TTs in this study with a more common method, for example, nested cross-validation, could 

have been conducted to validate this decision. 

 

Surgery duration for 25 TTs were predicted at four moments of information collection using five 

different predictive models. This results in 500 models in which the factors were handled differently 

by the prediction method. Although some differences between the models were briefly discussed, one 

aspect could not be analyzed conclusively based on this research. This is the decision for either the use 

predictive models Reg, Reg_f and LASSO at the moment of the PoS as advised were almost similar until 

the moment of planning. Although including insignificant factors does not necessarily reduce the 

prediction performance (Flom & Cassell, 2007), the calculated coefficients could raise the question by 

experts.  

 

Another limitation is related to the definition of the TT defined as the main (first) TT in the obtained 

dataset. Surgeries can namely contain multiple TTs or TCs within a single surgery. Although foreseen, 

and the formulated query requested up to five TTs per surgery. The TT could not be derived purely, i.e. 

creating unique TTs for every possible combination.  This was the result of the dataset having other 

interventions listed as TTs. E.g. administering anesthesia or smaller interventions like a check by the 

anesthesiologist at the PACU. Defining the surgery with the unique combination of TTs was, therefore, 

assessed not possible and might have limited the model creation due to this noise in the data.  

 

Although quantifying the effect of improved prediction will be difficult to measure in terms of 

monetary benefits, the trade-off between the benefits of a better prediction and the necessary 

development effort could be strengthened by an evaluation at the level of OT-sessions. This implies 

the OT occupancy, which depending on an experimental set-up it can be associated with the number 

of patients planned. Adding such an experiment with different prediction would have been interesting 

and could be researched in future studies in order to assess the prediction increase in terms of over-

and underutilization of the OT. 
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Finally, two interviews with a surgeon and an anesthesiologist were held at the end of this research 

project to reflect on the models created. During these interviews, practical doubts were raised about 

the differences in gender and the fact that the ASA-score is a relatively subjective measure. In addition, 

other candidate factors compared to the ones included in this thesis were mentioned. These could 

explain a part of the remaining variability in surgery duration and are worth investing in a future study. 

First, two phenomena were mentioned that are hardly measurable for prediction purposes though 

worth mentioning. The fact that surgeries are often behind schedule could be a reason for tasks being 

taken over by more experienced people in the OT leading to an unexpected. Alternatively, being 

behind scheduling or having a fully planned OT-session could affect the ways in which wounds are 

closed; stitches are slower compared to staples. The observations that are more likely to be included, 

are the following. In practice, it was experienced that a patient with a high BMI has a longer surgery 

duration of due to the additional effort that is required to reach the area of the surgery. Also, a 

patient’s history of surgery in the same part of the body that is being operated on could extend the 

surgery duration because previous incisions and reconstructions may cause obstructive adhesion of 

tissue. Finally, the requested factors that had almost no registrations in the obtained dataset (the 

localization of the treatment) could be researched. Despite the idea that a surgery on a single side 

tends to be shorter in duration than one on both sides of the body, there could be differences in 

surgery duration for particular TTs when it comes to left or right locations due to the asymmetry of the 

human body. Asymmetry of the human body namely affect the handling of surgeons while performing 

surgery. 
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Appendix I – ChipSoft hospital information management software 

HiX is ChipSoft’s fully integrated and comprehensive IT solution used by various healthcare institutions 

in the Netherlands and Belgium. HiX includes multiple components, which are visualized in Figure 31 

(ChipSoft, n.d.-b). 

 

 
Figure 31 Overview of components included in HiX 

(ChipSoft, n.d.-b) 

 

The default estimation method in HiX for predicting the duration of a surgery is the median duration 

of the last 10 surgeries according to the TSC. Hospitals can configure these settings by adjusting the 

sample size or by taking the mean. Moreover, adjustments can be made to take into account the 

anesthesia combination or surgeries to be performed by resident surgeons. The configuration screen 

and its options are represented in Figure 32. In cases where there is not sufficient historical data 

available the surgery estimation will be zero. 
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Figure 32 Configuration possibilities regarding the current estimation method 

 

The estimation is provided when the surgeon decides on the TT needed. After this, two interventions 

can be made. First, the surgeon has the possibility of adjusting the estimation based on his or her 

experience. Subsequently, the patient is placed on a (virtual) wait list after which the OT planner has 

another opportunity to adjust the surgery duration used for planning OT sessions.  
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Appendix II – Attributes in the obtained dataset 

Table 15 gives an overview of the attributes in the obtained dataset. In the left column, the attribute 

group is listed followed by a description of the attributes in the second column. Lastly, the datatype is 

presented in the third column. 
Table 15 Overview of attributes and datatypes in the dataset 

Name of attribute ‘group’ Attribute description Data type 

Surgery ID Surgery ID Ratio 

Estimations made HiX estimation Ratio 

 Surgeon estimation Ratio 

 OT-planner  estimation Ratio 

Timestamp related to the OT Surgery date Timestamp 

 Entry holding Ratio 

 Start PreOT Ratio 

 End PreOT Ratio 

 Start AT Ratio 

 End AT Ratio 

 Start IT Ratio 

 End IT Ratio 

 Start PostOT Ratio 

 End PostOT Ratio 

 Arrival PACU Ratio 

OT-session number Session number  Nominal 

OT room Code  Nominal 

 Description Nominal 

 Location Nominal 

Specialism Specialism Nominal 

Treatment type (1-5) Description Nominal 

 Code Nominal 

 TT details  Nominal 

Treatment localization Treatment localization Nominal 

Anesthesia technique Code Nominal 

 Description Nominal 

Urgency indication Urgency code Nominal 

 Urgency description Nominal 

 Emergency indication Binomial 

Admission type  Admission code Nominal 

 In/outpatient Binomial 

Patient personal information Patient age Ratio 

 Patient gender Binomial 

ASA-score  ASA-score Nominal 

Medical indications Diabetes Binomial  

 Isolation indication Binomial 

 Heart failure  Binomial 

 Heart attack Binomial 

 Heart infarct Binomial 

 Hypertension Binomial 

 Hyperthyroidism  Binomial 

OT-personnel OT-personnel Nominal 

Surgeon details(1-5) Surgeon  ID Nominal 

 Surgeon age Ratio 

 Genders Binomial 

Anesthesiologist  details (1-2) Anesthesiologist  ID Nominal 

 Anesthesiologist age Ratio 

 Anesthesiologist Gender Binomial 

Involved resident Resident surgeon Binomial 

 Resident Anesthesiologist Binomial 
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Appendix III – Irregularities in the surgery duration  

The data contained irregular registrations whose timestamps were adjusted or excluded from the 

analysis. Table 16 provides examples illustrating the four different irregularities identified. These are 

referred to via surgeon ID in this section. The four types of irregularities are solving data overnight, 

check concession, late registration and surgeries in between. 

 

Registrations in the OT are scheduled in minutes starting at zero, indicating midnight. Therefore, 

surgeries starting before midnight that had registrations after midnight should be added by 1440 

minutes (e.g. surgery ID = E). The registrations in the table are evaluated in numerical succession. In 

cases of irregularities, registrations are removed (e.g. surgery ID = D). Also, registrations are checked 

regarding “patient’s presence” in the OT. As the duration between END_IT and arrival in the PACU 

could be 10 minutes at most (and is generally less), a new patient in the same OT session and room 

cannot be present in the same OT, indicating lacking registration. Therefore, arrival in the PACU is 

replaced by the start time of the next surgery (Surgery ID = D) under the condition it is the same session 

(e.g. surgery ID = C). Finally, the data suggested that there were surgeries that had other surgeries in 

between (e.g. surgery ID = F). These registrations are excluded, since this surgery likely has a duration 

that is too long.  
 

Table 16 Examples of irregularities found in the timestamps recorded in the OT 

Surgery details Data label  Classification 

Surgery 

ID 

OT-

session 

OT-

room 

Start 

AT 

Start 

IT 

END 

IT 

Arrival 

PACU 

Type of error  Action 

A 0015 1 430 460 475 480 - - 

 

B 

 

0016 

 

2 

 

470 

 

500 

 

560 

 

570 

‘No error’  

 different OT-

session 

 

- 

C 0016 2 570 590 610 650 

(620) 

‘Registration error’ Update Arrival 

PACU 

D 0016 2 620 600 710 640 ‘ non successive 

registration’ 

Exclude 

from data 

E 0017 3 1310 1430 10 

(1450) 

20 

(1460) 

‘Resolve data 

overnight’ 

Update 

timestamps 

F 0019 2 800 890 940 945 ‘In between 

surgery’ 

Exclude 

from data 

G 0019 2 810 815 860 970 - - 
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Appendix IV – Overview of treatment types researched 

Appendix IV provides an overview of all treatment types predicted. In Table 17 the codes, sample size, 

and the corresponding specialism are listed in combination with the description of the treatment. 

 
Table 17 List of all treatment types predicted 

Specialism TC TT Sample size 

ORT 39411 KNEE ARTHROSCOPY 2302 

ORT 38567 TOTAL HIP 1150 

gSUR 35355 CHOLECYSTECTOMY (LAPAROSCOPY) 1140 

gSUR 38340 CARPAL TUNNEL SYNDROME 1071 

gSUR 35700 HERNIA INGUINALIS 959     

ORT 38663 TOTAL KNEE PROTHESIS 942 

GYN 37177 TRANSCERVICAL (ENDOUS SURGERY)  758 

gSUR 33911 MAMMATUMOR (1st  LOCAL EXCISIE) 678 

ORT 38100 ACROMION RESECTION 674 

GYN 37851 SECTION CAESAREAN 649     

URO 36520 TRANSURETHRAL PROSTATE RESECTION 525 

ORT 38643 MENISCUS EXSTIRPATION 499 

gSUR 38912 DEEP GROWTH REMOVAL  
(E.G. LIPOMA, ATHEROMA, GANGLION ) 

470 

GYN 37561 ABORTION (CURRETTAGE)  443 

gSUR 34738 COLON RESECTION 433     

GYN 37263 REGULAR PROLAPS  360 

URO 36223 TRANSURETHRAL. RES. BLADDER  
(PAPILLOM MALIGNE) 

342 

GYN 36915 ADNEXUM ENDOSCOPY  
(OVARIUMPAPPILLOM OR INFLAMMATION) 

320 

URO 36197 URETER (ENDOSCOPY)  311 

nSUR 38441 LUMBOSACRALE DISCECTOMY ( 1 Segment) 303 
    

ORT 38750 HALLUX VALGUS (OPERATIVE) 277 

GYN 37113 UTERUS EXSTIRPATION ( LAPAROSCOPY) 262 

gSUR 33920 MAMMA ABLATIO 232 

gSUR 30460 NEUROLYSIS 228 

nSUR 30327 LAMINECTOMY 208 
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Appendix V – Overview of prediction models and results 

Appendix V gives an overview of the interesting results in the research. First,  

Table 18 state the results of the review of ChipSofts method HiX compared to a median of 5, 25 and 

50. Next, the graphs in in Table 19 given the overall Classification of the prediction at the 10 percent 

margin compared to HiX. Subsequent, Table 20 and Table 21 present the prediction details and the 

model characteristics for respectively the treatment types Laminectomy and Knee arthroscopy. Table 

22 then visualizes the four (reflecting the prediction moments) heat maps per predictive in MAE 

percentages compared the benchmark model HiX. At last, In Table 23 the enlarged heat maps of the 

differences per treatment type, per predictive model are visualized for the consecutive moments of 

prediction.  
 

Table 18 Results of the sensitivity analysis per treatment surgeon combination 

Samples 
evaluated TC 

Surgeo
n ID 

MAE 
(N = 5) 

MAE 
(N = 10) 

MAE 
(N = 25) 

MAE 
(N = 50) 

%  
increase 

(10 to 
50) 

684 39411 108 9,61 9,06 8,90 8,71 -3,9% 

469 39411 145 7,29 6,78 6,44 6,28 -7,4% 

321 39411 166 7,42 7,32 6,96 6,76 -7,7% 

172 39411 285 8,11 7,58 7,19 7,11 -6,2% 

265 39411 46 7,19 7,22 7,00 6,96 -3,6% 

87 38567 108 8,74 8,22 7,90 8,17 -0,6% 

732 38567 145 12,62 11,94 11,70 11,57 -3,1% 

51 38567 46 11,69 10,65 10,53 10,74 0,8% 

138 35355 121 13,28 13,42 13,75 12,97 -3,4% 

44 35355 197 13,25 12,01 11,41 11,26 -6,2% 

94 35355 23 11,59 10,09 10,46 9,94 -1,5% 

54 35355 24 13,69 12,89 13,41 13,19 2,3% 

225 35355 39 14,89 13,75 13,47 13,23 -3,8% 

135 35355 48 18,44 16,78 16,31 16,08 -4,2% 

236 38340 121 5,14 4,90 4,70 4,73 -3,5% 

143 38340 23 4,45 4,26 4,11 4,22 -0,9% 

32 38340 24 5,22 5,45 4,84 4,78 -12,3% 

95 38340 25 4,78 5,06 4,89 4,81 -4,9% 

209 38340 39 4,70 4,16 4,17 4,06 -2,4% 

37 38340 48 5,78 5,61 5,65 5,35 -4,6% 

83 35700 197 13,51 12,36 12,47 12,05 -2,5% 

111 35700 23 8,10 7,91 7,68 7,63 -3,5% 

43 35700 24 10,79 10,00 10,79 10,90 9,0% 

125 35700 39 6,59 6,35 6,38 6,13 -3,5% 

201 35700 48 11,63 10,74 10,45 10,40 -3,2% 

331 38663 108 10,82 10,26 10,00 9,88 -3,7% 

320 38663 166 12,98 11,78 11,90 11,67 -0,9% 

55 38663 46 15,49 13,45 12,96 13,01 -3,3% 

90 37177 35 8,42 7,82 7,92 7,74 -1,0% 

97 37177 49 10,34 9,84 9,16 9,02 -8,3% 

109 37177 59 11,70 11,14 11,24 11,48 3,1% 
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55 33911 195 18,18 15,44 14,87 14,75 -4,5% 

92 33911 23 12,01 11,02 10,72 10,34 -6,2% 

117 33911 24 20,01 18,96 17,78 17,54 -7,5% 

202 33911 39 14,80 13,01 12,40 12,34 -5,1% 

323 38100 108 8,61 8,12 7,89 7,86 -3,2% 

167 38100 46 9,99 9,45 9,26 9,04 -4,3% 

33 37851 228 9,94 9,47 9,30 9,20 -2,9% 

56 37851 49 7,20 6,97 6,29 6,44 -7,6% 

51 37851 59 8,18 7,33 7,12 7,25 -1,1% 

189 36520 184 14,60 13,81 13,38 13,68 -0,9% 

114 36520 29 20,69 17,80 17,32 17,32 -2,7% 

69 36520 85 16,00 15,24 15,45 14,80 -2,9% 

111 38643 108 5,48 5,14 5,27 5,29 2,9% 

86 38643 145 6,70 6,11 5,74 5,69 -6,9% 

36 38643 166 7,81 8,12 7,67 7,50 -7,6% 

91 38912 39 12,57 11,90 12,24 11,89 -0,1% 

39 37561 59 7,69 7,26 7,10 7,08 -2,5% 

112 34738 23 22,30 21,38 21,04 20,74 -3,0% 

37 34738 24 32,08 30,04 27,95 27,31 -9,1% 

83 36223 184 12,61 11,98 11,52 11,49 -4,1% 

95 36223 29 14,25 14,25 12,96 12,64 -11,3% 

33 36915 49 13,88 12,71 12,39 12,73 0,2% 

150 36197 184 18,53 17,82 17,27 17,52 -1,7% 

56 36197 29 20,61 19,45 17,84 17,56 -9,7% 

134 38441 118 8,37 7,94 8,05 8,22 3,5% 

38 38441 149 11,08 10,13 9,68 9,62 -5,0% 

109 38750 166 11,63 10,79 10,42 10,13 -6,1% 

44 37113 49 20,20 18,03 17,39 17,69 -1,9% 

90 37113 59 20,61 20,21 19,63 19,71 -2,5% 

43 33920 39 31,42 33,94 30,98 28,52 -16,0% 

161 30460 197 11,36 9,91 9,66 9,46 -4,5% 

88 30327 118 10,64 9,61 9,28 9,09 -5,4% 
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Table 19 Classification of correct, over- and underestimations at the 10 percent margin compared to HiX for all surgeries predicted 
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Table 20 Prediction details for the laminectomy treatment  

TC 30327 , Laminectomy (Lowest number of features and sample size)  

 

 

 

 
 

 
 S = surgeon, A = anesthesiologist, E = Employee  
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Table 21 Prediction details of the Knee arthroscopy treatment 

TC 39411 , Knee arthroscopy (highest number of samples)  

  
 

 
S = surgeon, A = anesthesiologist, E = Employee 
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Table 22 The change in prediction quality compared to HiX at the four moments of prediction in the hospital 
 

 
*The scale on the right-hand size is in percentages  

 

 
*The scale on the right-hand size is in percentages 
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*The scale on the right-hand size is in percentages 

 

 
*The scale on the right-hand size is in percentages 
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Table 23 Change in MAE percentage points between the moments of prediction for the five predictive models and 25 treatment types 

 

 
*The scale on the right-hand size is in percentages points 

 

 
*The scale on the right-hand size is in percentages points 
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*The scale on the right-hand size is in percentages points 

 


