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CHAPTER 1: INTRODUCTION 

1.1 Research Overview 

In this dissertation, novel methods were developed that will facilitate the optimal placement of the 

electrode array during the cochlear implant (CI) procedure and thus improve the surgical outcome. CIs are 

considered to be an effective treatment for severe to profound hearing loss. During this procedure an 

electrode array is inserted into the cochlear region that stimulates the auditory nerve to create hearing 

sensation. CI procedures face several limitations, including the lack of visualization for the surgeon, which 

complicates accurate electrode placement. Variations in cochlear anatomy among individuals further 

challenge the procedure, leading to suboptimal array positioning. Major complications like fold-overs and 

scalar translocation can result in poor auditory outcomes, and over insertion into the cochlea's healthy 

region with residual hearing can cause damage to the healthy region and trauma. To address these 

limitations, we developed several image-guided pre-, intra- and post-operative approaches which are 

presented in this dissertation. To provide surgical guidance preoperatively, we have developed a framework 

for preoperative surgical guidance plan generation by analyzing the preoperative CT images. The guidance 

plan provides necessary information, i.e., insertion depth, insertion trajectory and angle, that can help 

achieve optimal positioning of the electrode array. To detect electrode array fold-overs, one of the major 

complications during CI surgery, a weakly supervised deep learning-based model was developed. The 

model, trained with synthetic CT images, can detect fold-overs intraoperatively. In this dissertation, the 

sensitivity analysis of intra-cochlear anatomy segmentation methods to varying image acquisition 

parameters was also presented that can be used for both preoperative surgical planning and postoperative 

electrode programming. The methods presented in this dissertation can be utilized to improve the overall 

outcomes of the CI surgery and reduce the risk of complications and trauma. 
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1.2 Motivation 

CIs are considered to be an effective treatment for severe-to-profound hearing loss [1]. In CI surgery, 

an electrode array is implanted in the cochlea to directly stimulate the auditory nerve. In natural hearing, a 

neural pathway gets activated when the incoming sound has the characteristic frequency of that pathway. 

These pathways are arranged tonotopically by decreasing frequency along the length of the cochlear duct 

[2]. The implanted electrode arrays are used to stimulate the nerve pathways and induce hearing sensation 

[3]. The CI processor receives and processes the incoming sound into signals sent to the electrodes. CI 

programming parameters, defined by an audiologist, determine which electrodes are triggered based on the 

frequencies present in the received sound [3]. CIs leverage the natural tonotopy of the nerve pathways by 

assigning lower frequency sounds to stimulate deeper electrodes on the array and vice versa. 

Cochlear anatomy, including the overall size and the number of cochlear spiral turns, varies 

significantly in humans [4–6]. From the computed tomography (CT) images of the temporal bones of 

patients having congenital hearing defects, it is reported that about 25% of these patients have bony inner 

ear deformities [7]. Even when limited to normal cochleae, the length of the organ of Corti is variable 

among individuals [4, 5, 8, and 9]. In prior studies, the length of the lateral wall covered by an electrode 

array is defined as the cochlear coverage length (CCL), and the ratio of the CCL and the cochlear duct 

length (CDL) is considered to be the cochlear coverage (CC) [10]. In spite of these facts, CI surgical 

techniques are traditionally applied in a one-size-fits-all manner with little patient-specific adaptation to the 

approach. Due to the significant variability in cochlear anatomy from person to person, patient-customized 

CI surgery planning has the potential to improve the outcome of the CI procedure [11].  

When the audiologists are provided the intra-cochlear location estimation of the electrodes, they can 

program the patients’ CI in a customized manner. Recent studies have shown that this patient customized 

CI programming has a significant impact on hearing outcomes with CIs [12, 13]. The approach is regarded 

as Image-Guided Cochlear Implant Programming. Pre-surgical planning and Image guided cochlear 

implant programming (IGCIP) both are enabled by having an accurate segmentation of intra-cochlear 
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anatomy. Our group has developed an active shape model (ASM) [14] based method to segment the intra 

cochlear anatomy (scala tympani (ST) and scala vestibuli (SV)) in CT images [15]. While this method has 

been validated in numerous studies with regard to point-to-point landmark errors, surface localization 

errors, and Dice overlap scores (e.g., [16]); to date no study has evaluated the sensitivity of this method, or 

other intra-cochlear segmentation methods, for estimating cochlea size with varying image acquisition and 

reconstruction quality. Image acquisition and reconstruction quality affect the resolution and the sharpness 

of the resulting CT images. We hypothesized that the overall size of cochlea segmentations produced from 

CT images decreases relative to the true size when image quality decreases. If true, this bias is important 

for clinicians to understand before using these segmentations to assist with clinical tasks, such as pre-

operative selection of the electrode array model that best achieves the desired surgical depth [17,18], as 

well as for using these segmentations in studies that aim to correlate patient factors with hearing outcomes 

with CIs [19]. 

Insertion depth of the electrode array into the cochlea has been an often-studied factor when attempting 

to explain variability in speech perception outcomes with CIs. For example, some studies find depth of 

insertion to be positively correlated with speech perception [20-23] while other studies report data 

supporting no relationship [24,25] and others supporting a negative correlation [26,27]. Heutink et al. 

mentioned that the impact of the insertion depth on the speech perception does not have firm support 

according to the current body of evidence [28]. Our recent work suggests that this relationship may depend 

on the type of CI electrode array that is used [29]. Thus, conflicting evidence is available in the general 

cases of CI recipients with no residual hearing. However, a growing population of CI recipients are 

individuals who have residual hearing where lower frequency (deeper) hair cells and neural pathways are 

still functional. For that population, array placement in functional regions could negatively impact residual 

hearing. The lateral and modiolar walls of the cochlea refer to the outer wall of the cochlear spiral and the 

inner wall closest to the mid-modiolar axis (see Figure 1.1). With straight, a.k.a. “lateral wall” arrays, 

surgeons push the array into the cochlea through a small membrane, the “round window” (RW) at the base 
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of the cochlea while the tip of the array is guided deep into the cochlea by sliding along the lateral wall. 

Therefore, the lateral wall electrode arrays are likely to be placed adjacent to the lateral wall in contrast 

with the perimodiolar and pre-curved electrode arrays, which are intended to hug the modiolus. For residual 

hearing subjects implanted with lateral wall arrays, the surgeon’s goal is to insert the array as deep as 

possible so that greater coverage of the auditory nerve is achieved, but not so deep as to cause trauma in 

the deeper regions where healthy hair cells exist. Lacking visualization into the cochlea, the surgeon does 

not know how deep the electrode array is being inserted on a patient-specific basis, making it difficult to 

avoid potential damage to residual hearing regions. Thus, tools that can help surgeons avoid overinserting 

and damaging healthy regions are beneficial. Therefore, we developed a patient customized approach for 

preoperative prediction of angular insertion depth based on the implant length and diameter, cochlear scale, 

and the base insertion depth (BID). Cochlear scale is a metric we defined below that aims to capture the 

size of the cochlea. The BID is a metric that represents the linear depth of the base of the electrode array 

that is inserted into the cochlea, which is controllable and observable by the surgeon.  The BID plus the 

array length account for the total length that the array is inserted into the cochlea, while the array diameter 

and cochlear scale account for the how long or short of a path the array takes within the cochlea to reach a 

given angular insertion depth. Using the angular insertion depth prediction we proposed, it is possible for 

the surgeon to pre-operatively plan a customized BID for a given array to achieve a desired overall angular 

insertion depth of the array.  

 

Figure 1.1: Insertion depth of the lateral wall-positioned straight array is measured in angle around the 

mid-modiolar axis to the most distal contact (540°). 
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Perimodiolar positioning of the pre-curved electrode array is considered to maximize the outcome of 

the CI procedure [30-32]. Wanna et al. reported that pre-curved electrode arrays have 42% risk of 

translocation [33] and typically do not achieve ideal perimodiolar positioning [34]. Though cochlear 

anatomy varies in overall shape and the number of spiral turns among individuals [4-6] and suboptimal 

array positioning is reported to lead compromised outcomes [35-37], instead of customized array insertion 

techniques based on the patient specific cochlear anatomy, the CI companies’ technical improvements focus 

on one-size-fits-most electrode array designing. It is to be mentioned that one electrode array manufacturer 

(Medel, Innsbruck, Austria) produces variable length straight electrode arrays (24, 28 and 31mm) [38]. 

Here, the surgeon needs to make a decision about the array length based on the measurement of the cochlear 

duct length obtained from preoperative CT images [39]. However, this procedure has demonstrated poor 

repeatability and insignificant impact on the final outcome of the CI surgery [27]. Due to the continued 

adaptation of one-electrode-size-fits-most, the era of patient specialized surgical planning is yet to come in 

the field of cochlear implantation. So far, with the standard-of-care method the average postoperative 

sentence and word recognition are reported to be 70% and 60% [40], respectively, yet the patient 

customized surgical plans can offer even better performance [41]. In order to implement the patient 

customized guided insertion plan, we developed a text-guided surgical planning technique avoiding the 

need of intra-operative tracking for facilitating the surgical procedure. The surgical recommendations were 

conveyed to the surgeon in a form of text module where the anatomical landmarks were used as references. 

The guidance module consisted of surgical instructions about the array entry site, insertion trajectory, tilt 

of the array with the round window, insertion depth and the pullback action. These instructions can pre- 

and intra-operatively help surgeons to place the electrode array at a patient specific optimal location. 

In CI surgical procedure, one of the major electrode array malfunctioning is the tip fold-over where 

the tip of the array curls in an irregular manner inside the cochlear volume [42]. Zuniga et al. [42] studied 

CI surgeries in 303 ears and reported 6 tip fold-over cases (less than 2%). Dhanasingh et al. [43] investigated 

3177 CI recipients’ cases from 13 studies and reported 50 tip fold-over cases (1.57%) mostly for precurved 
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electrode arrays. Only 0.87% (15 cases) tip fold-over cases were reported among 1722 CI recipients 

according to Gabrielpillai et al. [44] In addition to the data being very sporadic, tip fold-over cases are hard 

to detect intra-operatively. This identification requires experience to align the view optimally and limit the 

radiation exposure during the fluoroscopy. Furthermore, intra-operative audiological testing fails many 

times to identify the tip fold-over cases [42]. We aimed to address this issue by implementing deep neural 

network-based method. However, as the data of tip fold-over cases are not very much available, we 

produced pseudo-CT images with desired resolution and noise level where synthetic electrode arrays (with 

tip fold-over conditions) were inserted into the pseudo-CT images. Then those CTs were processed to obtain 

realistic metal artifact caused by the synthetic electrode arrays. Once a dataset of pseudo CTs with tip fold-

over cases had been created, we implemented deep neural network-based approach on pseudo-CT images 

to detect the tip fold-over cases. This technique can intra-operatively help surgeons to be aware about the 

occurrence of tip fold-over during the CI surgery. 

First generation pre-curved electrode array (EA) has a 42% risk of translocation [43] and typically do 

not achieve the intended ideal perimodiolar positioning [44]. Because cochlear anatomy varies [45-48] and 

suboptimal array positioning can lead to compromised outcomes [49], pre-curved array insertion planning 

techniques based on patient-specific cochlear anatomy have been proposed [50, 44]. A novel method to 

create patient-specific insertion trajectories using segmentations of intra-cochlear anatomy as well as the 

facial nerve, chorda tympani, and ossicles have been proposed [50, 51, 52] and tested. Temporal bone 

insertion experiments were conducted with a surgeon who was involved in the design of this planning 

method, and the Advanced Bionics (Valencia, CA) Mid-Scala electrode was used. One of the goals of that 

work was to confirm insertion plans impact electrode placement, thus experimental insertions were 

compared to control insertion plans that were reasonable yet intentionally sub-optimal. Statistically 

significant improvements were found for perimodiolar positioning within the ST when preoperative 

planning was used. In order to evaluate whether this method remains effective for other EAs and surgeons, 

our objective was to assess EA positioning with the use of a slim pre-curved electrode – the Cochlear CI 
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532/632 (SP) – by an experienced attending surgeon who was inexperienced with CT-based insertion 

planning methods and compare the experimental electrode placement to a control condition where no plan 

is used. Therefore, we developed an automated method for generating text guidance surgical plan to assist 

surgeon during the CI surgery for better positioning of the electrode array. This guidance module is 

generated by analyzing the patient-specific optimal insertion trajectory. However, whether the preoperative 

generation of the insertion trajectory and the text guidance module with the surgical plan assists to place 

the electrode array closer to the planned optimal trajectory is a study yet to be conducted. Therefore, it was 

required to analyze the final electrode array position to the preoperatively generated insertion trajectory to 

evaluate the effectiveness of the text guidance approach in CI procedure. As a part of this analysis, the final 

electrode positions relative to the intra-cochlear structures were analyzed from the postoperative CT 

images. The modiolar distance, insertion depth, scalar location of the electrodes was calculated and 

compared between the surgeries with preoperative plan versus those without. The comparative analysis will 

help us to assess the influence of the guidance module on achieving a better array positioning. This can 

result in significant improvement in the overall outcome of the CI procedure.  

1.3 Research Goals 

The overall goal of this dissertation is to develop a framework that facilitates optimal electrode array 

placement during cochlear implant (CI) procedures through image-guided surgical planning. This involves 

preoperative, intraoperative, and postoperative approaches to enhance surgical outcomes and reduce 

complications. Preoperatively, the framework generates surgical guidance plans by analyzing CT images, 

providing essential information such as insertion depth, trajectory, and angle for optimal array positioning. 

Intraoperatively, a weakly supervised deep learning model, trained with synthetic CT images, detects 

electrode array fold-overs, a major complication during CI surgery. Additionally, the dissertation presents 

sensitivity analysis of intra-cochlear anatomy segmentation methods to varying image acquisition 

parameters, applicable for both preoperative surgical planning and postoperative electrode programming. 

The aim is to improve overall CI surgery outcomes, minimizing the risk of suboptimal positioning, 
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complications and trauma. Keeping these goals in mind, the 3 mentioned research questions of this 

dissertation are explained in more detail below:   

1.4 Research Aims  

The Research questions are framed to achieve the research goals of the dissertation.   

1.4.1 Specific Aim 1: Preoperative prediction of the Angular Insertion Depth (AID) for lateral wall 

CI electrode arrays. 

1.4.1.1 Problem description and current state-of-the-art: Insertion depth of the electrode array into 

the cochlea has been an often-studied factor when attempting to explain variability in speech perception 

outcomes with CIs. For example, some studies find depth of insertion to be positively correlated with speech 

perception [20-23] while other studies report data supporting no relationship [24,25] and others supporting 

a negative correlation [26,27]. Heutink et al. mentioned that the impact of the insertion depth on the speech 

perception does not have firm support according to the current body of evidence [28]. Our recent work 

suggests that this relationship may depend on the type of CI electrode array that is used [29]. Thus, 

conflicting evidence is available in the general cases of CI recipients with no residual hearing. However, a 

growing population of CI recipients are individuals who have residual hearing where lower frequency 

(deeper) hair cells and neural pathways are still functional. For that population, array placement in 

functional regions could negatively impact residual hearing. The lateral and modiolar walls of the cochlea 

refer to the outer wall of the cochlear spiral and the inner wall closest to the mid-modiolar. With straight, 

a.k.a. “lateral wall” arrays, surgeons push the array into the cochlea through a small membrane, the “round 

window” (RW) at the base of the cochlea while the tip of the array is guided deep into the cochlea by sliding 

along the lateral wall. Therefore, the lateral wall electrode arrays are likely to be placed adjacent to the 

lateral wall in contrast with the perimodiolar and pre-curved electrode arrays, which are intended to hug 

the modiolus. For residual hearing subjects implanted with lateral wall arrays, the surgeon’s goal is to insert 

the array as deep as possible so that greater coverage of the auditory nerve is achieved, but not so deep as 
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to cause trauma in the deeper regions where healthy hair cells exist. Lacking visualization into the cochlea, 

the surgeon does not know how deep the electrode array is being inserted on a patient-specific basis, making 

it difficult to avoid potential damage to residual hearing regions. Thus, tools that can help surgeons avoid 

overinserting and damaging healthy regions are beneficial. Therefore, we developed a patient customized 

approach for preoperative prediction of angular insertion depth based on the implant length and diameter, 

cochlear scale, and the base insertion depth (BID). Cochlear scale is a metric we defined below that aims 

to capture the size of the cochlea. The BID is a metric that represents the linear depth of the base of the 

electrode array that is inserted into the cochlea, which is controllable and observable by the surgeon.  The 

BID plus the array length account for the total length that the array is inserted into the cochlea, while the 

array diameter and cochlear scale account for the how long or short of a path the array takes within the 

cochlea to reach a given angular insertion depth. Using the angular insertion depth prediction we proposed, 

it is possible for the surgeon to pre-operatively plan a customized BID for a given array to achieve a desired 

overall angular insertion depth of the array. 

1.4.1.2 Approach – data-driven approach of preoperative AID prediction: In the dissertation, we 

developed a patient customized approach for preoperative prediction of angular insertion depth based on 

the implant length and diameter, cochlear scale, and the base insertion depth (BID). Cochlear scale is a 

metric we defined below that aims to capture the size of the cochlea. The BID is a metric that represents 

the linear depth of the base of the electrode array that is inserted into the cochlea, which is controllable and 

observable by the surgeon.  The BID plus the array length account for the total length that the array is 

inserted into the cochlea, while the array diameter and cochlear scale account for the how long or short of 

a path the array takes within the cochlea to reach a given angular insertion depth. Using the angular insertion 

depth prediction we proposed, it is possible for the surgeon to pre-operatively plan a customized BID for a 

given array to achieve a desired overall angular insertion depth of the array. 

More details of the preoperative angular insertion depth prediction model for lateral wall positioned 

electrode arrays are discussed in Chapter 2. 
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1.4.2 Specific Aim 2: Sensitivity analysis of intra-cochlear anatomy segmentation methods to 

varying image acquisition parameters and corrective model to address the sensitivity. 

1.4.2.1 Problem description and current state-of-the-art: Pre-surgical planning and IGCIP both are 

enabled by having an accurate segmentation of intra-cochlear anatomy. Our group has developed an active 

shape model (ASM) [14] based method to segment the intra cochlear anatomy (scala tympani (ST) and 

scala vestibuli (SV)) in CT images [15]. While this method has been validated in numerous studies with 

regard to point-to-point landmark errors, surface localization errors, and Dice overlap scores (e.g., [16]); to 

date no study has evaluated the sensitivity of this method, or other intra-cochlear segmentation methods, 

for estimating cochlea size with varying image acquisition and reconstruction quality. Image acquisition 

and reconstruction quality affect the resolution and the sharpness of the resulting CT images. We 

hypothesize the overall size of cochlea segmentations produced from CT images decreases relative to the 

true size when image quality decreases. If true, this bias is important for clinicians to understand before 

using these segmentations to assist with clinical tasks, such as pre-operative selection of the electrode array 

model that best achieves the desired surgical depth [17,18], as well as for using these segmentations in 

studies that aim to correlate patient factors with hearing outcomes with CIs [19]. 

1.4.2.2 Approach – sensitivity analysis of the segmentation algorithms and corrective model for 

AID prediction: We generated a dataset of synthetic pseudo-CT images varying the image resolution and 

filtering parameters. Through applying ASM based segmentation method on the dataset we evaluated the 

effect of image acquisition parameters on segmentation size measurements including cochlear volume and 

diameter. Recognizing this bias is important for clinicians who use these segmentations or take manual 

measurements of the cochlea from CT images for pre-surgical planning of CI procedures. Based on the 

sensitivity analysis, we modified the data driven preoperative AID prediction model mentioned in chapter 

2 and designed a corrective model that addresses the sensitivity of the segmentation method. 

More details of the sensitivity analysis of the segmentation algorithms and the corrective model form 

preoperative angular insertion depth prediction are discussed in Chapter 3A and 3B. 
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1.4.3 Specific Aim 3: Intraoperative detection of the electrode array fold-overs, one of the major 

complications during CI procedures. 

1.4.3.1 Problem description and current state-of-the-art: In CI surgical procedure, one of the major 

electrode array malfunctioning is the tip fold-over where the tip of the array curls in an irregular manner 

inside the cochlear volume [42]. Zuniga et al. [42] studied CI surgeries in 303 ears and reported 6 tip fold-

over cases (less than 2%). Dhanasingh et al. [53] investigated 3177 CI recipients’ cases from 13 studies and 

reported 50 tip fold-over cases (1.57%) mostly for precurved electrode arrays. Only 0.87% (15 cases) tip 

fold-over cases were reported among 1722 CI recipients according to Gabrielpillai et al. [54] In addition to 

the data being very sporadic, tip fold-over cases are hard to detect intra-operatively. Although most CI 

centers do not currently attempt to detect tip foldovers, the current standard approach among sites that do 

is visual inspection of intraoperative fluoroscopy. However, these identification methods require experience 

to align the view optimally and limit the radiation exposure during the fluoroscopy [42]. Furthermore, intra-

operative audiological testing fails many times to identify the tip fold-over cases [42]. Tip fold-over can 

result in many complications which include trauma, damage to residual hearing and poor positioning of the 

EA inside cochlea, which ultimately leads to poor hearing restoration for the patient. If intra-operative 

detection of a tip fold-over is possible, the surgeon can address it through re-implantation of the electrode 

array [55]. In addition, post-operative detection of minor fold-over can help audiologists to deactivate the 

affected electrodes to attempt to reach a more satisfactory hearing outcome [42].  

1.4.3.2 Approach – weakly supervised multitasking 3D U-Net model for fold-over detection: Our 

goal was to address the intraoperative fold-over detection problem in two phases. In the first phase, we 

produced pseudo-CT images with desired resolution and noise level as the data of tip fold-over cases are 

not very much available. Synthetic electrode array (with tip fold-over conditions) was inserted into those 

pseudo-CT images. Then those CTs were processed to obtain realistic metal artifact caused by the synthetic 

electrode arrays. Once a dataset of pseudo CTs with tip fold-over cases had been created, our study entered 

into the second phase where we implemented deep neural network-based approach on pseudo-CT images 
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to detect the tip fold-over cases. This technique can intra-operatively help surgeons to be aware about the 

occurrence of tip fold-over during the CI surgery. 

More details of the weakly supervised multitasking 3D U-Net model for fold-over detection are 

discussed in Chapter 4. 

1.4.4 Specific Aim 4: Automatic text guidance modules generation for pre- and intra-operative 

surgical planning. 

1.4.4.1 Problem description and current state-of-the-art: The perimodiolar positioning of the pre-

curved electrode array is considered to maximize the outcome of the CI procedure [30-32]. Wanna et al. 

reported that pre-curved electrode arrays have 42% risk of translocation [33] and typically do not achieve 

ideal perimodiolar positioning [34]. Though cochlear anatomy varies in overall shape and the number of 

spiral turns among individuals [4-6] and suboptimal array positioning is reported to lead compromised 

outcomes [35-37], instead of customized array insertion techniques based on the patient specific cochlear 

anatomy, the CI companies’ technical improvements focus on one-size-fits-most electrode array designing. 

It is to be mentioned that one electrode array manufacturer (Medel, Innsbruck, Austria) produces variable 

length straight electrode arrays (24, 28 and 31mm) [38]. Here, the surgeon needs to make a decision about 

the array length based on the measurement of the cochlear duct length obtained from preoperative CT 

images [39]. However, this procedure has demonstrated poor repeatability and insignificant impact on the 

final outcome of the CI surgery. Due to the continued adaptation of one-electrode-size-fits-most, the era of 

patient specialized surgical planning is yet to come in the field of cochlear implantation. So far, with the 

standard-of-care method the average postoperative sentence and word recognition are reported to be 70% 

and 60% [40], respectively, yet the patient customized surgical plans can offer even better performance 

[41].  

1.4.4.2 Approach - automatic generation of text guidance modules: In order to implement the 

patient customized guided insertion plan, we developed a text-guided surgical planning technique avoiding 
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the need of the intra-operative tracking for facilitating the surgical procedure. The surgical 

recommendations were conveyed to the surgeon in a form of text module where the anatomical landmarks 

were used as references. The guidance module consisted of surgical instructions about the array entry site, 

insertion trajectory, tilt of the array with the round window, insertion depth and the pullback action. These 

instructions can pre- and intra-operatively help surgeons to place the electrode array at a patient specific 

optimal location. However, whether the preoperative generation of the insertion trajectory and the text 

guidance module with the surgical plan assisted to place the electrode array closer to the planned optimal 

trajectory is a study yet to be conducted. Therefore, it was required to analyze the final electrode array 

position to the preoperatively generated insertion trajectory to evaluate the effectiveness of the text 

guidance approach in CI procedure. As a part of this analysis, the final electrode positions relative to the 

intra-cochlear structures were analyzed from the postoperative CT images. The modiolar distance, insertion 

depth, scalar location of the electrodes was calculated and compared between the surgeries with 

preoperative plan versus those without. The comparative analysis helped us to assess the influence of the 

guidance module on achieving a better array positioning. 

More details of the preoperative generation of text guidance modules and their impact on the CI 

procedures are discussed in Chapter 5. 
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CHAPTER 2: PREOPERATIVE PREDICTION OF ANGULAR INSERTION 

DEPTH OF LATERAL WALL COCHLEAR IMPLANT ELECTRODE 

ARRAYS 

 

The content of this chapter was published as a peer reviewed journal article: Khan, M.M., Labadie, 

R.F. and Noble, J.H., 2020. Preoperative prediction of angular insertion depth of lateral wall cochlear 

implant electrode arrays. Journal of Medical Imaging, 7(3), pp.031504-031504. 

Except for the formatting and some organizational and stylistic improvements, the content of this 

chapter is almost identical to the aforementioned publication.  

2.1 Abstract 

 Cochlear implants (CI) use an array of electrodes surgically threaded into the cochlea to restore 

hearing sensation. Techniques for predicting the insertion depth of the array into the cochlea could guide 

surgeons towards more optimal placement of the array in order to reduce trauma and preserve the residual 

hearing. In addition to the electrode array geometry, the base insertion depth (BID) and the cochlear size 

could impact the overall array insertion depth. In this paper, we investigated using these measurements to 

develop a linear regression model which can make preoperative or intraoperative predictions of insertion 

depth of lateral wall cochlear implant electrodes. CT images of 86 CI recipients were analyzed. Using 

previously developed automated algorithms, relative electrode position inside the cochlea was measured 

from the CT images. A linear regression model is proposed for insertion depth prediction based on cochlea 

size, array geometry, and BID. The model is able to accurately predict angular insertion depths with 

standard deviation of 41° and absolute deviation error of 32°. Surgeons may use this model for patient-

customized selection of electrode array and/or to plan a BID for a given array that minimizes the likelihood 

of causing trauma to regions of the cochlea where residual hearing exists.  
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2.2 Introduction 

Cochlear Implants (CIs) are considered to be an effective treatment for severe–to-profound hearing loss 

[1]. In CI surgery, an electrode array is implanted in the cochlea to directly stimulate the auditory nerve (see 

Figure 2.1). In natural hearing, a neural pathway gets activated when the incoming sound has the 

characteristic frequency of that pathway. These pathways are arranged tonotopically by decreasing frequency 

along the length of the cochlear duct [2]. The implanted electrode arrays are used to stimulate the nerve 

pathways and induce hearing sensation [3]. The CI processor receives and processes the incoming sound 

into signals sent to the electrodes. CI programming parameters, defined by an audiologist, determine which 

electrodes are triggered based on the frequencies present in the received sound [3]. CIs leverage the natural 

tonotopy of the nerve pathways by assigning lower frequency sounds to stimulate deeper electrodes on the 

array and vice versa. 

Insertion depth of the electrode array into the cochlea has been an often-studied factor when attempting 

to explain variability in speech perception outcomes with CIs. For example, some studies find depth of 

insertion to be positively correlated with speech perception [4-7] while other studies report data supporting 

no relationship [8, 9], and others supporting a negative correlation [10, 11]. Heutink et al. mentioned that the 

impact of the insertion depth on the speech perception does not have firm support according to the current 

body of evidence [12]. Our recent work suggests that this relationship may depend on the type of CI electrode 

array that is used [13]. Thus, conflicting evidence is available in the general cases of CI recipients with no 

residual hearing. However, a growing population of CI recipients are individuals who have residual hearing 

where lower frequency (deeper) hair cells and neural pathways are still functional. For that population, array 

placement in functional regions could negatively impact residual hearing. The lateral and modiolar walls of 

the cochlea refer to the outer wall of the cochlear spiral and the inner wall closest to the mid-modiolar axis 

(see Figure 2.1). With straight, a.k.a. “lateral wall” arrays, surgeons push the array into the cochlea through 

a small membrane, the “round window” (RW) at the base of the cochlea while the tip of the array is guided 

deep into the cochlea by sliding along the lateral wall. Therefore, the lateral wall electrode arrays are likely 
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to be placed adjacent to the lateral wall in constrast with the perimodiolar and pre-curved electrode arrays, 

which are intended to hug the modiolus. For residual hearing subjects implanted with lateral wall arrays, the 

surgeon’s goal is to insert the array as deep as possible so that greater coverage of the auditory nerve is 

achieved, but not so deep as to cause trauma in the deeper regions where healthy hair cells exist. Lacking 

visualization into the cochlea, the surgeon does not know how deep the electrode array is being inserted on 

a patient-specific basis, making it difficult to avoid potential damage to residual hearing regions. Thus, tools 

that can help surgeons avoid overinserting and damaging healthy regions are beneficial. Herein, we propose 

an approach for preoperative prediction of angular insertion depth based on the implant length and diameter, 

cochlear scale, and the base insertion depth (BID). Cochlear scale is a metric we define below that aims to 

capture the size of the cochlea. The BID is a metric that represents the linear depth of the base of the electrode 

array that is inserted into the cochlea, which is controllable and observable by the surgeon.  The BID plus 

the array length account for the total length that the array is inserted into the cochlea, while the array diameter 

and cochlear scale account for the how long or short of a path the array takes within the cochlea to reach a 

given angular insertion depth. Using the angular insertion depth prediction we propose, it is possible for the 

surgeon to pre-operatively plan a customized BID for a given array to achieve a desired overall angular 

insertion depth of the array.  

 Cochlear anatomy, including the overall size as well as the number of cochlear spiral turns varies 

significantly in humans [14-16]. From the computed tomography (CT) images of the temporal bones of the 

patients having congenital hearing defects it is reported that about 25% of these patients have bony inner ear 

deformities [17].  Even when limited to normal cochleae, the length of the organ of Corti is variable among 

individuals [14,15,18,19].  In prior studies, the length of the lateral wall covered by an electrode array is 

defined as the cochlear coverage length (CCL) and the ratio of the CCL and the cochlear duct length (CDL) 

is considered to be the cochlear coverage (CC) [20]. Timm et al. showed that the variation of the CDL among 

patients has impact on the electrode specific CC [20]. Angular insertion depth has strong correlation with 

cochlear coverage (𝑅 = 0.98) [21]. Several studies have been carried out to establish the relationship 
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between the angular insertion depth and the cochlear shape. In one study, the angular insertion depth and its 

relationship with the cochlear size and the linear insertion depth are investigated in case of a specific implant 

(Cochlear CI422) [22]. For different linear insertion depths, the study showed that there is a significant 

correlation between the angular insertion depth and the cochlear diameter. In case of 25 mm linear insertion 

depth, the study showed the most correlation between cochlear diameter and angular depth (𝑅2 = 0.97, 𝑝 <

0.0001) relative to other linear depths. In addition, for 23 mm linear insertion depth the correlation was also 

significant (𝑅2 = 0.80, 𝑝 < 0.0001) [22].  A linear insertion depth prediction model based on a targeted 

angular insertion depth is presented by Anschuetz et al [23]. Rathgeb et al. evaluated the clinical applicability 

of the angular insertion depth prediction method by analyzing 50 cases of CI recipients where all of the 

patients received the same (MED-EL Flex28) electrode array [24]. However, the prediction model used in 

both of the studies does not consider the impact of the variation of the electrode array length and diameter 

of the electrode array on the angular insertion depth. Schurzig et al. presented a geometric model to predict 

the angular insertion depth in the case of MED-EL Flex electrode arrays [25].   

 Escudé et al. studied the influence of the cochlear diameter upon the angular insertion depth [17] 

and Alexiades et al. estimated CDL to try to select the array with length that is most suitable for the cochlea 

[26]. The largest distance from the center of the round window to the lateral wall through the modiolar axis, 

termed by Escudé et al. [17] as “𝐴,” was proposed as a metric for cochlear diameter that is easy to manually 

measure in CT images. An automatic method of measuring 𝐴 using an active shape model-based technique 

is presented by Rivas and Cakir et al. [27] Escudé et al. showed that for a fixed linear insertion depth (17 

mm) the angular insertion depth demonstrates a significant negative correlation (𝑅2 = 0.51, 𝑝 < 0.05) with 

the 𝐴 length. Adunka et al. studied eight CI cases where MED-EL (Innsbruck, Austria) standard electrode 

array was used for assessing the feasibility and the accuracy of estimating the insertion depth [28]. However, 

these studies did not directly relate base insertion depth to angular depth. In this study we investigated the 

angular insertion depth for various commonly used lateral wall electrode arrays (MED-EL Standard, Flex28, 

Flex24, Cochlear CI522 and Advanced Bionics HiFocus SlimJ). The main contributions of the current study 



24 

 

are two-fold. First, we present data further demonstrating how the cochlear scale, implant geometry, and 

base insertion depth relate to the angular insertion depth of CI electrodes. Secondly, we present a data-driven 

model to predict the angular insertion depth for pre-operative prediction and surgical planning. As opposed 

to prior prediction models discussed above, which estimate depth using idealized geometric models, the 

approach we present herein is to build a linear regression model from a retrospective dataset to facilitate 

data-driven prediction of angular insertion depth for a given array and cochlea. We hypothesize that such a 

data-driven prediction may be more accurate than predictions from a geometric model. Such a prediction 

model can be used by the surgeon for selecting an array and planning a base insertion depth custom for 

individual patients so that the largest region of the auditory nerve can be stimulated while still avoiding 

overinsertion of the array into sensitive residual hearing regions. 

2.3 Methodology 

In this paper we have used a dataset of pre- and post-operative CT images of 86 CI users who had 

lateral wall positioned straight electrode array cochlear implants. Informed consent was obtained according 

to protocols approved by Vanderbilt IRB #090155. The dataset included individuals implanted with the 

current most commonly used straight electrode array devices, including the MED-EL Standard, Flex28, 

and Flex24; the Advanced Bionics SlimJ, and the Cochlear CI522 devices. The number of each device 

included in our dataset as well as the estimates of their length and width we have used in this study are 

shown in Table 2.1. Length and width are available from publicly available datasheets provided by the 

manufacturers. In the case of tapered arrays, we have estimated the average diameter of the array based on 

these datasheets. 
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Table 2.1: Different electrode array types and their corresponding lengths and diameters in our dataset. 

Electrode array type Number of cases Array length (mm) Array diameter (mm) 

MED-EL (Standard) 5 31.5 0.75 

MED-EL (Flex28) 31 28 0.60 

MED-EL (Flex24) 1 24 0.50 

Cochlear (CI522) 16 23 0.40 

Advanced Bionics (HiFocus SlimJ) 33 23 0.55 

 

A non-rigid shape model of intracochlear structures was used in order to segment the intracochlear 

structures in the preoperative CT image [29] or a synthetic preoperative CT generated using the post-

operative CT using deep learning techniques to erase the artifact created by the presence of the implant [30]. 

The shape model was defined using high resolution µCT images originally [29] of 6, but later expanded to 

16 specimens. Automated algorithms were used to non-rigidly register the model to new patients’ CTs 

[29,30]. This automated localization process using the N=16 model has mean surface localization errors of 

approximately 0.1 mm (unpublished observations). The localization process relies on active shape model 

methods to produce a mesh representing the scala tympani (ST). Because the ST is segmented using an active 

shape model approach, a one-to-one point correspondence is maintained across each case, and so 

measurements of distances between landmarks, such as the A length measurement of cochlear diameter or 

other measures of cochlear size, can be easily performed in an automated fashion. Our proposed metric of 

cochlear scale based on the ST segmentation will be described below.  

 In postoperative CT images the electrodes were localized using automated methods that have been 

shown in validation studies to result in average localization errors of the centroid of each contact of 

approximately 0.12mm [31]. The average localization error was obtained by comparing automatic 

localizations in CT images of cochlea specimens to a ground truth found from high resolution µCT scans of 

the same specimens. The electrode localization process starts with finding a set of candidate points for 
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electrodes from the postoperative CT images. A curve is formed using the most probable candidate points 

for representing the electrode array [31,32]. To get the relative positions of the electrodes inside the cochlea, 

a rigid coregistration between the postoperative and preoperative CT images was performed.  

Using the cochlea segmentation and the positions of the electrodes, we measured the array angular insertion 

depth, BID, and cochlear scale. Angular depth was determined as the insertion depth angle relative to the 

RW membrane of the most apical contact on the array. BID was measured as the distance from the most 

basal electrode to the RW membrane where the array is inserted into the cochlea. This is a signed distance, 

where positive distances indicate the most basal electrode is within the cochlea and negative distances 

indicate it is outside the cochlea. This metric was chosen relative to the most basal electrode, rather than the 

surgical depth marker, because the depth marker is not identifiable in a CT scan for most electrode types. 

However, the most basal electrode is identifiable and is close enough (3-5mm) from the depth marker that 

the variability seen in the BID measure we use should be the same as the variability in the position of the 

marker relative to the RW for the vast majority of cases where there are no kinks in the array and it is 

relatively straight between the marker and basal electrode. The cochlear scale metric we propose is computed 

as  

Cochlear Scale =
1

𝑁
∑ |𝑣⃗𝑖 − 𝑐|𝑁

𝑖=1 ,                                       (2.1) 

i.e., it is the average distance of the set of all N vertices of the Scala Tympani mesh, {𝑣⃗𝑖}𝑖=1
𝑁 , to the centroid 

of that set of vertices, 𝑐 =
1

𝑁
∑ 𝑣⃗𝑖

𝑁
𝑖=1 . In contrast with other metrics that are commonly used as surrogates for 

cochlear size such as the A and B lengths [17,26], which are based on one or two distance measurements 

between different points on the cochlea, our approach estimates cochlea size using a comprehensive set of 

measurements sampled over the entire structure, which we hypothesize might better correlate with angular 

depth of the electrode. Fig. 2.1 shows an example case where BID and angular insertion depth can be seen 

for an electrode array. For this particular case, the BID is 2mm and the angular insertion depth is 540°. 

Measurements for each case in our dataset are provided in appendix Table 2.A1. 



27 

 

 

 

Figure 2.1: Insertion depth of the lateral wall-positioned straight array is measured in angle around the 

mid-modiolar axis to the most distal contact (540°). 

 

  For the prediction of angular insertion depth, a linear regression model was designed in this paper. 

The model was fitted and tested using a leave-one-out approach. In the leave-one-out approach the model is 

trained to keep one datapoint out for testing and the process is repeated until every datapoint is used for 

testing. Here, we used 85 datapoints for fitting the regression model and the remaining datapoint was used 

for testing the prediction performance of the model. This entire process was run 86 times and each time a 

new datapoint was considered as a testing point. The built in Matlab function fitlm was used to fit the linear 

regression model to the training data. We also trained individual models for each electrode array type listed 

in Table 1, with the hypothesis that array specific models may be more accurate than a general one.  

2.4 Results and Discussion 

The angular insertion depth among the 86 CI recipients ranged from 311° to 717° with the mean at 

458° and standard deviation of  88°. In general, the standard and the Flex28 were associated with higher 

angular insertion depths compared to the other array models. The following sections detail the relationships 

observed between angular insertion depth and the other measured features.  
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2.4.1 Base insertion depth (BID) vs. Angular insertion depth  

 The measurement of BID ranged from -3.45 mm to 4.75 mm with a mean of 1.73 mm and standard 

deviation of 1.73 mm. The histogram in Fig. 2.2 represents the distribution of the BID among the CI 

recipients. It is important to note that variability in BID is not equivalent to variability in how frequently 

surgeons follow or deviate from manufacturer recommendations. This is because the distance between the 

most basal electrode and the manufacturer marker varies across devices between 3-5 mm. Therefore, we 

would expect BID to range from 3-5 mm if the manufacturer recommended depth was used. It is noteworthy 

from Fig. 2.2 that the majority of cases have BID <3mm, which indicates that in most cases array depth is 

shallower than the manufacturer recommended depth. 

 

Figure 2.2: Distribution of the base insertion depth. 
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Figure 2.3: Variation in angular insertion depth with respect to base insertion depth before (left) and after 

(right) controlling for the other factors. 

 

 The BID and the angular insertion depth did not show substantial direct correlation (𝑅2 = 0.075,

𝑝 = 0.008) because the cochlear scale and the electrode array length are not taken into consideration yet. 

However, after controlling for the other factors, the angular insertion depth showed strong correlation with 

the BID (𝑅2 = 0.517, 𝑝 = 6.41𝑒 − 15). Fig. 2.3 shows the variation in angular insertion depth with respect 

to the BID before and after controlling for the cochlear scale and the electrode array length and diameter. 

In case of controlling for the other factors, first, BID is held out and the residual angular insertion depth is 

computed as the variance in the data unexplained by a linear regression model constructed with the 

remaining features. Similarly, the residual BID is computed as the variance in BID unexplained by a linear 

regression model created with the remaining features. Finally, the partial correlation between angular 

insertion depth and BID is the correlation between the residual angular insertion depth and residual BID. 

This is referred to as the correlation between two variables after controlling for the effect of other variables, 

and the same process is used below when referring to correlation after controlling for other variables.  
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2.4.2 Cochlear Scale vs. Angular insertion depth  

 The cochlear scale, as calculated by Eqn. 2.1, ranged from 2.53 mm to 3.09 mm with the mean at 2.81 

mm and standard deviation of 0.13 mm. The histogram in Fig. 2.4 shows the distribution of the cochlear 

scale among the 86 CI recipients. 

 

Figure 2.4: Distribution of the cochlear scale. 

 

 The effect of the cochlear scale on the angular insertion depth was observed with and without 

controlling the other factors. Fig. 2.5 shows the variation in angular insertion depth with respect to the 

cochlear scale before and after controlling for the BID, electrode array geometry. 
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Figure 2.5: Variation in angular insertion depth with respect to cochlear scale before (left) and after 

(right) controlling for the other factors. 

 Without taking the BID and the array geometry into consideration, the cochlear scale and the 

angular insertion depth had weak correlation (𝑅2 = 0.07, 𝑝 = 0.02). After controlling for those factors, 

the angular insertion depth showed strong correlation with the cochlear scale (𝑅2 = 0.39, 𝑝 = 1.29𝑒 −

10). 

2.4.3 Electrode Array Length vs. Angular Insertion Depth 

 The electrode array length and the angular insertion depth showed strong direct correlation (𝑅2 =

0.55, 𝑝 < 0.001). The partial correlation after controlling for the other factors, was reduced but remained 

strong (𝑅2 = 0.41, 𝑝 = 4.28𝑒 − 11). Fig. 2.6 shows the variation in angular insertion depth with respect 

to the electrode array length before and after controlling for the BID, electrode array diameter and the 

cochlear scale. The array length has strong correlation with the array diameter (see Table. 2.2). Therefore, 

whenever we control for the array diameter, the residual correlation with length decreases. 
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Figure 2.6: Variation in angular insertion depth with respect to electrode array length before (left) and 

after (right) controlling for the other factors. 

 

2.4.4 Electrode Array Diameter vs. Angular Insertion Depth 

The array diameter can also play a role in influencing the angular depth as electrodes with smaller 

diameter tend to have less offset from the lateral wall and take a longer path into the cochlea. Fig.  2.7 

shows the relationship of the angular insertion depth with the array diameter. A weak relationship was 

observed between the angular insertion depth and the array diameter  (𝑅2 = 0.15, 𝑝 = 3.01𝑒 − 4) after 

controlling for the other features because, as discussed above, array length and diameter are highly 

correlated. 

 

Figure 2.7: Variation in angular insertion depth with respect to electrode array diameter before (left) and 

after (right) controlling for the other factors. 
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2.4.5 Summary of relationships among factors 

The Pearson’s correlation coefficients among these factors are provided in Table 2 followed by their 

95% confidence intervals in square brackets.  

Table 2.2: Correlation among angular insertion depth, BID, cochlear scale, electrode array length and 

diameter. 

 Angular Insertion 

depth 

BID Cochlear Scale Electrode Array 

Length 

Electrode Array 

Diameter 

Angular 

Insertion depth 

1 0.27 [0.7, 0.46] -0.26 [-0.44, -0.05] 0.74 [0.63, 0.83] 0.62 [0.47, 0.73] 

BID 0.27 [0.7, 0.46] 1 0.25 [0.04, 0.44] -0.10 [-0.31, 0.11] -0.18 [-0.37, 0.04] 

Cochlear Scale -0.26 [-0.44, -0.05] 0.25 [0.04, 0.44] 1 -0.04 [-0.25, 0.17] 0.03 [-0.18 0.24] 

Electrode Array 

Length 

0.74 [0.63, 0.83] -0.10 [-0.31, 0.11] -0.04 [-0.25, 0.17] 1 0.77 [0.66, 0.84] 

Electrode Array 

Diameter 

0.62 [0.47, 0.73] -0.18 [-0.37, 0.04] 0.03 [-0.18 0.24] 0.77 [0.66, 0.84] 1 

 

It is evident that the angular insertion depth has statistically significant correlation with the BID, 

cochlear scale, array length and diameter, although it is only moderate correlation for some factors. 

However, correlation between two variables does not consider the other influential variables, and so partial 

correlations should be considered. These are presented in Table 2.3. The first row of the table summarizes 

the partial correlations described above between angular depth and the various features. All of these 

correlations are statistically significant (p<0.05). The remaining rows show partial correlations of different 

combinations of parameters. It is noticeable that the angular insertion depth and the cochlear scale are 

negatively correlated, which is reasonable because for a particular electrode array and a fixed BID, the 

bigger the cochlea gets, the smaller the angular insertion depth becomes. We observe strong partial 

correlation of BID, scale and electrode length with angular insertion depth and a weak, but significant, 

partial correlation of array diameter with angular insertion depth. 
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Table 2.3: Partial Correlation among angular insertion depth, BID, cochlear scale, electrode array length 

and diameter. 

 Angular Insertion 

depth 

BID Cochlear Scale Electrode Array 

Length 

Electrode Array 

Diameter 

Angular Insertion 

depth 

1 0.72 [0.60, 0.81] -0.63 [-0.74, -0.48] 0.64 [0.49, 0.75] 0.38 [0.18, 0.55] 

BID 0.72 [0.60, 0.81] 1 0.59 [0.44, 0.72] -0.42 [-0.58, -0.22] -0.39 [-0.56, -0.20] 

Cochlear Scale -0.63 [-0.74, -0.48] 0.59 [0.44, 0.72] 1 0.33 [0.12, 0.50] 0.34 [0.14, 0.52] 

Electrode Array 

Length 

0.64 [0.49, 0.75] -0.42 [-0.58, -0.22] 0.33 [0.12, 0.50] 1 0.30 [0.10, 0.49] 

Electrode Array 

Diameter 

0.38 [0.18, 0.55] -0.39 [-0.56, -0.20] 0.34 [0.14, 0.52] 0.30 [0.10, 0.49] 1 

 

2.4.6 Angular Insertion Depth Prediction 

 We constructed a linear regression model for estimating the angular insertion depth. Eqn. 2.2 shows 

the linear equation we have designed for the angular insertion depth prediction. 

𝑦 = 𝑏0 + 𝑏1𝑥1 + 𝑏2𝑥2 + 𝑏3𝑥3 + 𝑏4𝑥4                                   (2.2) 

 Here, 𝑦, 𝑥1, 𝑥2, 𝑥3 and 𝑥4 are angular insertion depth, BID, cochlear scale, electrode array length 

and array diameter, respectively. We first built manufacturer specific models, hypothesizing that 

manufacturer specific models may be more accurate than a combined one. The boxplots in Figure 8 shows 

the prediction errors for different Med-EL electrode arrays when using the leave-one-out models for 

prediction (average 𝑅2 = 0.71, 𝑝 = 5.63𝑒 − 09).  
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Figure 2.8: Prediction error in case of different MED-EL electrode arrays. 

 

 The difference between the actual angle and the predicted angle is considered as the angular 

insertion depth error. Negative values correspond to predictions that are too deep whereas positive values 

signify predictions that are too shallow. The standard deviation of the overall error is 45°. The mean angular 

insertion depth prediction error for Standard electrode array was higher compared to the Flex28 but lower 

compared to Flex24 electrode array. Note that because the array diameter term 𝑥4 was not found to be 

significant (p>0.05) it was removed from the MED-EL model.  

Table 2.4: Estimated coefficients and corresponding 𝑝 values for different types of electrode array. 

 MED-EL (Standard, 

Flex28 and Flex24) 

CI522 HiFocus SlimJ 

 Estimated 

value 

𝑝 value Estimated 

value 

𝑝 value Estimated 

value 

𝑝 value 

𝑏0 619.13 0.003 843.65 4.02e-05 870.91 1.294e-06 

𝑏1 32.098 1.161e-08 16.083 0.0007 19.222 3.651e-05 

𝑏2 -373.2 5.839e-07 -175.59 0.0039 -173.88 0.002 

𝑏3 31.864 9.367e-07  - - - - 

 

 Next, we implemented the regression analysis for the Cochlear CI522 and the HiFocus SlimJ 

electrode arrays, separately. For the CI522 and SlimJ array models, the electrode array length and diameter 

are fixed constants, therefore for these models we excluded both 𝑥3 and 𝑥4  terms from the model. For the 
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Cochlear CI522 electrode arrays the model demonstrated a significant relationship (𝑅2 = 0.66, 𝑝 = 8.9𝑒 −

4) among the considered factors, and the standard deviation of the angular depth prediction error was 29°. 

In contrast, the HiFocus SlimJ electrode array models (𝑅2 = 0.50, 𝑝 = 2.94𝑒 − 5) resulted in standard 

deviation of 40°. Figure 2.9 shows the prediction errors for these two devices. Estimated coefficients for 

all three of these manufacturer specific models are shown in Table 2.4. Note that no values are provided 

for coefficients corresponding to terms that were excluded as discussed above.  

The estimated coefficients and the 𝑝 values are provided in Table 4. It is of note that the term  𝑏𝑜, 

which is a residual term that accounts for the variance that is not accounted for by scaling the other 

parameters, has the largest 𝑝 value in the MedEl model, which would indicate less statistical confidence 

compared to the other terms that this value is significantly different from 0. 

 

Figure 2.9 : Prediction error in case of CI522 and Hifocus SlimJ electrode arrays. 

 

 When the model is constructed using devices from all manufacturers together, a stronger correlation 

with angular depth is observed  (𝑅2 = 0.813, 𝑝 = 1.11𝑒 − 28) compared to the three individual models.  
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Figure 2.10: Angular insertion depth prediction error based on electrode array geometry, BID and 

cochlear scale. 

 

 These results are summarized in boxplots in Figure 2.10, which presents the angular depth 

prediction error based on electrode array length and diameter, BID, and cochlear scale. The standard 

deviation of the prediction error of the overall model was 41°. For various straight electrode arrays, the 

model is capable of making reasonable predictions of the angular insertion depth. Model parameters are 

included in the left column of Table 2.5. With the overall model, both of the array geometry parameters are 

significant and are needed to obtain the most accurate predictions. 

Table 2.5: Estimated coefficients and corresponding 𝑝 values for the overall model. 

 Overall 

(Using Cochlear Scale) 

Overall 

(Using 𝐴 length) 

 Estimated value 𝑝 value Estimated value 𝑝 value 

𝑏0 529.94 3.168e-06 488.76 1.387e-05 

𝑏1 23.863 1.942e-14 23.422 9.423e-14 

𝑏2 -252.8 2.763e-10 -73.503 1.494e-09 

𝑏3 17.368 9.511e-11 18.033 4.706e-11 

𝑏4 285.58 0.0004 259.28 0.001 

 



38 

 

 

Figure 2.11: Angular insertion depth prediction error based on electrode array geometry, BID and A-

length. 

 

 Also shown on the right of Table 2.5 are parameters for an overall model built using the length 𝐴 

to represent cochlear size instead of our proposed measure of cochlear scale. We used the method proposed 

by Rivas et al. [30] to automatically determine 𝐴 for each case in our dataset. When using 𝐴 instead of the 

cochlear scale, the performance of the model is almost identical. Fig. 2.11 shows the angular depth 

prediction error based on electrode array length, BID and cochlear scale. This consideration led to almost 

similar model performance  (𝑅2 = 0.805, 𝑝 = 5.75𝑒 − 28) and the standard deviation of the prediction 

error was 41°. Schurzig et al. presented an angular insertion depth prediction method for MED-EL Flex 

electrode arrays with a proposed geometric model using basal turn length (BTL) and the inserted electrode 

array length (IEL) [25]. The absolute deviation of the prediction error was 27° ± 18° for their dataset. We 

implemented their proposed method and tested it on our MED-EL Flex arrays, since this is the type of array 

the method was specifically tested with in their paper. We found that it resulted in absolute deviation of the 

prediction error of 45° ± 37° on our dataset MED-EL Flex dataset. The increase in the absolute deviation 

of the error in case of our dataset might be due to the variabilities present among features in our dataset. In 

contrast, our prediction model demonstrated a better absolute deviation of   39° ± 25° on the same cases. 
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According to the Wilcoxon signed rank test, our model showed statistically significant improvement (𝑝= 

0.0018) in angular insertion depth prediction compared to the geometric model proposed by Schurzig et al. 

2.5 Impact on Interventional and Surgical Data Science 

Cochlear implantation is an intervention that has yet to significantly benefit from the data science 

revolution. Surgical techniques are traditionally applied in a one-size-fits-all manner with little patient-

specific adaptation to the approach. This has been necessary because the only outcome quality control 

metrics available to drive innovation have been based on long term hearing performance after device 

acclimation, which is at least 6 months after implantation. The lack of surgical data collection and the long-

time scale for feedback have made it difficult to strongly link surgical approach to outcomes. However, 

recent technological developments in automated image processing for cochlear implant recipients have 

enabled collection of a large dataset of accurate post-operative measurements of cochlear implant electrode 

placement for individual patients [29-31]. These data provide new information about surgical approach (the 

insertion depth of the base of the array) and outcome (the angular depth of the most apical electrode of the 

array). Analysis of these data has revealed links between electrode placement and hearing outcomes as well 

as wide variability in electrode positioning [13]. Consistent placement of cochlear implant electrode arrays 

is difficult as the size and shape of the cochlea and the various electrode array models are highly variable, 

and surgeons cannot see inside the cochlea. Using our dataset, we can construct a data driven linear 

regression model that can provide a preoperative prediction or intraoperative estimation of angular insertion 

depth of lateral wall cochlear implant electrode arrays based on patient-specific cochlear size, the 

dimensions of the electrode array, and the array base insertion depth, which is directly controllable by the 

surgeon. The model could be helpful for cochlear implant surgeons to make patient-specific preoperative 

decisions about which electrode array to use and intraoperative decisions about the ideal depth to thread the 

array into the cochlea to reduce trauma and preserve the residual hearing. With a pre-operative CT, the 

model can be automatically applied with the use of existing methods to automatically segment the cochlea, 

or it can be used with simple manual measurements of cochlea size. To implement the angular insertion 
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depth prediction model, a surgeon needs to know measurement of the cochlear scale of the patient. Let’s 

assume that the patient has a cochlear scale of 2.85 mm. The cochlear scale can be measured by using Eqn. 

2.1 after generating the Scala Tympani mesh from the preoperative CT images implementing automated 

algorithms29-30. In addition, the audiologist has confirmed that the patient has residual hearing region below 

250 Hz, which approximately represents 615° inside the cochlea. As our model has an absolute deviation 

of the prediction error of 32° across our entire dataset, the surgeon may choose to target an angular insertion 

depth of 583°, which will provide a 32° safety margin, to avoid the insertion of the array into the residual 

hearing region. If a MED-EL Standard electrode array is used (length= 31.5 mm, diameter= 0.75 mm), the 

recommended BID, the signed distance from the most basal electrode to the RW membrane where the array 

is inserted into the cochlea, can be calculated by using Equation 3 to be 0.51 mm. The left portion of Table 

5 provides the corresponding coefficients. Now, if the surgeon wants to use the 𝐴 length instead of the 

cochlear scale, he/she needs to replace the cochlear scale value in Equation 3 with the 𝐴 length, as measured 

from a CT scan using manual or available automated tools, and use the coefficients provided on the right 

portion of Table 2.5. In this case, if the 𝐴 length of the patient’s cochlea is 9.30 mm, the recommended BID 

is 0.65 mm. Using this type of approach, the model can help the surgeon to select the appropriate electrode 

array and/or make a decision about BID. The use of the model we present could lead to improved hearing 

outcomes for cochlear implant recipients. More generally, this work represents an example of collecting 

and analyzing surgical approach and outcome metrics to construct data-driven pre- and intra-operative 

prediction models that can improve surgical outcomes. This data-driven approach can provide surgical 

guidance to reduce the risk of damaging the residual hearing region inside the cochlea. 

2.5 Conclusion 

For the proper placement of the electrode array as well as for the preservation of the low frequency 

residual hearing, it is important for a surgeon to know the relative position of the array inside the cochlea. 

This paper investigates the relationship of the angular insertion depth with the BID, cochlear scale, electrode 

array length and array diameter with a dataset composed of multiple commonly used lateral wall arrays 
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(MedEl Standard (5 cases), Flex28 (31 cases), and Flex24 (1 case); Cochlear CI-422 (16 cases); and 

Advanced Bionics HiFocus SlimJ (33 cases)). In addition, a model is proposed for the prediction of angular 

insertion depth based on these features. Our results show how accurately our model can predict the angular 

insertion depth for straight electrode arrays. Surgeons may use the model to select the best electrode array 

and/or plan a base insertion depth for a given array that minimizes the likelihood of inserting the array into 

a region of the cochlea where residual hearing exists.  

Careful interpretation of model predictions should include consideration of the potential for positive 

and negative errors in depth predictions. For hearing preservation subjects, for example, it would be wise 

to plan a base insertion depth corresponding to a predicted angular depth that is shallower than the depth of 

preserved hearing structures by some margin, such as 45 degrees, to limit the possibility of overshoot into 

the hearing preservation region. Future work will prospectively evaluate the accuracy of this prediction 

model. 

2.A Appendix 

Table 2.A.1: Overall dataset including base insertion depth, cochlear scale, A length, B length, array type, 

actual and predicted angular insertion depth.     

BID 

(mm) 

Cochlear 

scale (mm) 

A length 

(mm) 

B length 

(mm) 

Array type Actual angular 

insertion depth (o) 

Predicted angular 

insertion depth (o) 

2.25 2.83 9.13 6.66 Flex28 581 524 

2.45 2.70 8.88 6.49 Flex28 637 560 

3.25 2.83 9.18 6.88 Flex28 489 551 

0.75 2.76 8.97 6.79 Standard 637 610 

3.65 2.94 9.55 6.96 Flex28 513 533 

3.05 2.97 9.61 7.13 Flex28 449 512 

3.35 2.95 9.47 7.11 Flex28 465 523 

2.35 2.80 9.04 6.57 Flex28 545 536 
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2.10 2.73 8.89 6.51 Flex28 584 547 

2.15 2.90 9.47 6.91 Flex28 454 508 

2.85 2.71 8.86 6.43 Flex28 637 568 

1.80 2.78 8.90 6.71 Standard 661 629 

3.20 3.08 9.98 7.28 Standard 584 591 

1.70 2.58 8.45 6.20 Flex28 600 574 

3.00 2.82 9.08 6.79 Flex28 537 546 

3.65 2.85 9.25 6.76 Flex24 461 456 

-0.68 2.67 8.66 6.32 Flex28 500 495 

3.20 2.53 8.16 6.11 Flex28 717 614 

1.85 2.76 8.99 6.62 Flex28 516 536 

3.25 2.75 8.86 6.56 Flex28 510 573 

1.85 2.76 8.93 6.66 Flex28 483 535 

0.45 2.91 9.48 7.09 Standard 584 566 

1.40 2.81 9.08 6.67 Flex28 584 510 

2.00 2.73 8.85 6.57 Flex28 523 547 

0.70 2.58 8.48 6.08 Flex28 513 554 

1.90 2.99 9.74 7.24 Flex28 502 475 

-2.06 2.77 8.89 6.58 Flex28 416 442 

-3.44 2.62 8.61 6.23 Flex28 394 450 

-1.33 2.74 8.95 6.53 Flex28 478 461 

0.10 2.77 9.03 6.67 Flex28 474 491 

3.35 3.06 9.96 7.24 Flex28 527 492 

-2.63 2.80 9.28 6.72 Standard 447 532 

1.80 2.77 8.97 6.48 Flex28 554 529 

-0.85 2.85 9.20 6.84 Flex28 426 449 

1.90 2.98 9.47 7.25 Flex28 458 480 
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1.75 2.73 9.01 6.52 Flex28 603 537 

4.40 2.81 9.09 6.75 Flex28 581 583 

2.50 2.76 8.85 6.69 HiFocus SlimJ 472 448 

-0.98 2.71 8.90 6.45 HiFocus SlimJ 366 379 

1.75 2.81 9.19 6.77 HiFocus SlimJ 398 419 

-0.20 2.97 9.65 7.10 HiFocus SlimJ 357 330 

1.55 2.66 8.51 6.29 HiFocus SlimJ 480 448 

3.17 2.79 9.00 6.82 HiFocus SlimJ 422 458 

3.60 2.74 8.91 6.47 HiFocus SlimJ 419 483 

0.70 2.79 8.96 6.76 HiFocus SlimJ 376 398 

2.35 3.01 9.92 6.99 HiFocus SlimJ 374 383 

-0.64 2.78 9.00 6.71 HiFocus SlimJ 336 370 

4.69 2.81 9.15 6.71 HiFocus SlimJ 467 490 

2.60 2.80 9.07 6.61 HiFocus SlimJ 432 442 

2.85 2.94 9.57 7.02 HiFocus SlimJ 443 409 

1.45 2.69 8.43 6.36 HiFocus SlimJ 450 441 

-0.28 2.71 8.74 6.57 HiFocus SlimJ 391 396 

-0.39 2.98 9.63 7.21 HiFocus SlimJ 311 325 

-1.95 2.95 9.56 7.17 HiFocus SlimJ 398 280 

1.10 2.64 8.52 6.36 HiFocus SlimJ 402 449 

2.05 2.67 8.69 6.41 HiFocus SlimJ 538 456 

0.55 2.68 8.66 6.47 HiFocus SlimJ 406 422 

3.54 2.74 8.98 6.52 HiFocus SlimJ 487 477 

2.00 2.88 9.05 6.88 HiFocus SlimJ 416 407 

2.35 3.07 9.94 7.25 HiFocus SlimJ 365 366 

2.70 2.85 9.29 6.78 HiFocus SlimJ 394 431 

-0.12 2.92 9.56 6.96 HiFocus SlimJ 340 345 
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2.05 2.72 8.91 6.47 HiFocus SlimJ 431 449 

-0.96 2.68 8.74 6.37 HiFocus SlimJ 374 387 

4.57 3.09 9.94 7.37 HiFocus SlimJ 394 417 

2.75 2.85 9.24 6.67 HiFocus SlimJ 417 433 

2.90 3.03 9.97 7.13 HiFocus SlimJ 455 386 

1.20 2.84 9.17 6.82 HiFocus SlimJ 388 398 

2.25 2.90 9.44 6.96 HiFocus SlimJ 475 404 

1.40 2.79 9.03 6.74 HiFocus SlimJ 371 415 

-0.32 2.67 8.67 6.38 CI522 342 362 

2.25 2.55 8.23 6.11 CI522 473 452 

3.00 2.63 8.60 6.30 CI522 413 453 

2.30 2.86 9.41 6.84 CI522 371 375 

4.10 3.04 9.92 7.30 CI522 404 369 

1.25 2.75 9.02 6.47 CI522 385 378 

1.10 2.94 9.53 7.15 CI522 328 327 

4.70 2.77 9.03 6.60 CI522 422 459 

3.45 2.82 9.27 6.76 CI522 389 415 

1.10 2.77 8.90 6.77 CI522 363 369 

0.10 2.76 8.94 6.58 CI522 352 349 

4.75 2.88 9.33 6.94 CI522 395 432 

2.65 2.95 9.61 7.04 CI522 357 362 

1.75 2.84 9.32 6.73 CI522 409 365 

-0.57 2.83 9.16 6.71 CI522 359 310 

3.60 2.82 9.30 6.72 CI522 422 416 
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CHAPTER 3: SENSITIVITY OF INTRA-COCHLEAR ANATOMY 

SEGMENTATION METHODS TO VARYING IMAGE ACQUISITION 

PARAMETERS AND CORRECTIVE MODEL FOR PREOPEREATIVE 

INSERTION DEPTH PREDICTION 

3.1 Introduction 

 In this chapter, we will describe our framework for analyzing the sensitivity of the intra-cochlear 

anatomy segmentation methods to varying image acquisition parameters. Based on the sensitivity analysis, 

we modified the data driven preoperative AID prediction model mentioned in chapter 2 and designed a 

corrective model that addresses the sensitivity of the segmentation method. We present each of these 

frameworks in sub-chapters as follows: 

Sub-Chapter 3A: Sensitivity of intra-cochlear anatomy segmentation methods to varying image 

acquisition parameters 

Sub-Chapter 3B: Cochlear implant electrode array insertion depth prediction based on the sensitivity 

of intra-cochlear anatomy segmentation methods to varying image acquisition parameters 
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CHAPTER 3A: SENSITIVITY OF INTRA-COCHLEAR ANATOMY 

SEGMENTATION METHODS TO VARYING IMAGE ACQUISITION 

PARAMETERS 

 

The content of this chapter was published as a conference proceeding: Khan, M.M., Banalagay, R., 

Labadie, R.F. and Noble, J.H., 2022, April. Sensitivity of intra-cochlear anatomy segmentation methods to 

varying image acquisition parameters. In Medical Imaging 2022: Image-Guided Procedures, Robotic 

Interventions, and Modeling (Vol. 12034, pp. 111-116). SPIE. 

Except for the formatting and some organizational and stylistic improvements, the content of this 

chapter is almost identical to the aforementioned publication.  

3A.1 Abstract 

 During cochlear implant (CI) surgical procedures, the surgeon inserts an electrode array into the 

patient’s cochlea to restore hearing sensation through auditory nerve stimulation. Due to the significant 

variability in cochlear anatomy from person to person, patient-customized CI surgery planning has the 

potential to improve the outcome of the CI procedure. For pre-surgery planning, accurate segmentation of 

intra-cochlear structures is essential. In this work, we investigate the performance of intra-cochlear 

segmentation algorithms as a function of variations in image acquisition parameters (i.e., resolution, 

blurring effect and noise level) that exist in clinical CT images. A dataset of preoperative µCT images of 

11 cadaveric temporal bone specimens was used to generate 110 synthetic pseudo-CT images with varying 

resolution and filter parameters. An active shape model (ASM) based method was evaluated to segment the 

intra-cochlear structures in those pseudo-CT images. Our results show that the volume of the segmented 

structures is significantly and strongly correlated with both the resolution and the reconstruction filter 

strength of the synthetic pseudo-CT images. Recognizing this bias is important for clinicians who use these 
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segmentations or take manual measurements of the cochlea from CT images for pre-surgical planning of 

CI procedures.   

3A.2 Introduction 

Cochlear implant (CI) surgery is regarded to be an effective treatment for the restoration of severe-to-

profound hearing loss [1]. During CI surgery, an electrode array is inserted into the cochlea that stimulates 

the auditory neural pathways. The relative location of the CI electrode array within the cochlea has a 

profound impact on the outcome of the surgery [2, 3]. Due to the significant variability in cochlear anatomy 

from person to person [4-6], patient-customized CI surgery planning has the potential to improve the 

outcome of the CI procedure [7]. Further, when the audiologists are provided the intra-cochlear location 

estimation of the electrodes, they can program the patients’ CI in a customized manner. Recent studies have 

shown that this patient customized CI programming has a significant impact on hearing outcomes with CIs 

[8, 9]. The approach is regarded as Image-Guided Programming. Pre-surgical planning and IGCIP both are 

enabled by having an accurate segmentation of intra-cochlear anatomy. Our group has developed an active 

shape model (ASM) [10] based method to segment the intra-cochlear anatomy (scala tympani (ST) and scala 

vestibuli (SV)) in CT images [11]. While this method has been validated in numerous studies with regard to 

point-to-point landmark errors, surface localization errors, and Dice overlap scores (e.g., [12]); to date no 

study has evaluated the sensitivity of this method, or other intra-cochlear segmentation methods, for 

estimating cochlea size with varying image acquisition and reconstruction quality. Image acquisition and 

reconstruction quality affect the resolution and the sharpness of the resulting CT images. We hypothesize 

the overall size of cochlea segmentations produced from CT images decreases relative to the true size when 

image quality decreases. If true, this bias is important for clinicians to understand before using these 

segmentations to assist with clinical tasks, such as pre-operative selection of the electrode array model that 

best achieves the desired surgical depth [13,14], as well as for using these segmentations in studies that aim 

to correlate patient factors with hearing outcomes with CIs [15].  
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For evaluating this hypothesis, we rely on a dataset of temporal bones for which a ground truth is 

available. High resolution µCT images are needed to create ground truth because small scale intra-cochlear 

structures, such as the osseous spiral lamina which separates the ST and SV, are so small they are not visible 

in conventional CT. Further, we hypothesize that the visible boundaries of the cochlea tend to shrink in CT 

with lower resolution and greater reconstruction filtering, which tend to have a blurring effect in the resulting 

CT. Thus, for each temporal bone in our dataset we have a µCT in which the intra-cochlear anatomy has 

been manually segmented by an expert to create a ground truth. From this set of µCTs, we can generate 

pseudo-CT images with various acquisition parameters. We create a pseudo-CT from a µCT by projecting 

the volume data onto a simulated CT detector surface to recover a sinogram, adding noise to it, then 

performing filtered back-projection to create a synthetic CT image volume. By adjusting resolution, noise, 

and filtering parameters in this process, we create pseudo-CT image volumes that are representative of the 

range of clinical CT quality used for CI procedures. In our study we will compare automatic segmentations 

of these pseudo-CTs with the corresponding ground truth provided by the µCT. Our results permit 

characterizing biases of the segmentation method to acquisition quality. 

3A.3 Methodology 

We begin this section with a description of our pseudo-CT generation approach. Then we describe the 

dataset we created for sensitivity analysis with our segmentation algorithm and the experiments done to 

perform this analysis. 

3A.3.1 Pseudo-CT generation 

In this paper, we used a dataset of µCT images of 11 cadaveric temporal bone specimens with voxel 

size of ~0.036mm isotropic. With each volume an expert delineated ground truth segmentation of the intra-

cochlear anatomy created in a prior study [12]. To create synthetic pseudo-CT images from these µCTs we 

used the freely available wxDICOM tool [16]. Within the tool, the µCT images were first downsampled in 

order to achieve the desired image resolution. Then, the down-sampled data was projected onto a simulated 
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CT detector surface to recover the sinogram. The Gaussian noise of a desired level was then added to the 

sinogram. Then, the noisy data was backprojected into the world space while applying the filter of desired 

strength to generate a synthetic CT image. Figure 3A.1 presents the overview flowchart of the synthetic 

pseudo-CT generation process from a µCT image. 

 

 

Figure 3A.1: µCT to synthetic pseudo-CT generation process 

 

3A.3.2 Sensitivity analysis dataset 

To evaluate the effect of resolution and filtering on segmentation accuracy, we have generated two 

datasets. In the first dataset, termed PCTR, for each µCT image, 5 pseudo-CT images were generated when 

varying the resolution, where the isotropic voxel size varied from 0.11mm to 0.25mm, while keeping all 

other parameters constant. PCTR is designed to evaluate how CT resolution affects segmentation 

performance. In a second dataset, termed PCTF, another 5 pseudo-CTs were generated from each µCT, 

where filter strength was varied and everything, but the filter parameter was kept constant. This dataset 

permits investigating the influence of reconstruction filtering on segmentation performance. In total, across 

PCTR and PCTF, we have generated 110 pseudo-CT images. 

2A.3.3 Experiments 

For each of the images in PCTR and PCTF, our automatic method to segment the intra-cochlear 

anatomy was applied [11]. The volume of the segmentation structure (ST and SV) and the point-to-point 

error between the ground truth and the segmented volume were measured. Also measured is the so-called 

“A” length, a measure of the diameter of the cochlea which is commonly used in pre-surgical analysis as a 
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measure of cochlea size in order to select an electrode array and plan an insertion depth in a patient-

customized manner [13, 14]. The relationships of these segmentation quantities with the resolution and the 

filter parameters were then investigated. 

3A.4 Results and Discussion 

A visual comparison between the range of synthetic pseudo-CTs we have generated an example of 

similar real patient CTs from our CI imaging database is presented in figure 3A.2. Here, it can be seen that 

the pseudo-CTs are similar in appearance and quality to real examples.  

 

 

Figure 3A.2: Comparison among real and pseudo-CT images 
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Figure 3A.3 shows the generated pseudo-CT images in PCTR in comparison to the µCT image for one 

sample. Segmentation point-to-point error, volume, and A-length measurement are reported in Table 3A.1.  

 

Figure 3A.3: µCT image and corresponding synthetic pseudo-CT images after varying only the resolution 

parameter. 

We hypothesized that the increase in voxel size would result in a decrease in the measured volume of 

the segmented structures. Table 1 supports this hypothesis. There is a significantly strong correlation  (𝑅2 =

0.92, 𝑝 = 0.01) between the image resolution and the segmented volume. Likewise, the A length 

demonstrated significantly strong correlation (𝑅2 = 0.99, 𝑝 = 0.0005) with the image resolution. However, 

in case of point-to-point error no significant variation was observed among the classes of the synthetic CTs.  

Table 3A.1: ASM model performance and segmentation structure volume for varying resolution in 

synthetic pseudo-CT images. 

Images Point-to-point 

error (mm) 

Volume 

(𝑚𝑚3) 

Resolution 

(~mm) 

A Length 

(mm) 

µCT N/A 73.90 0.036 9.08 

PCTR1 0.44 69.01 0.11 8.98 

PCTR2 0.45 68.51 0.15 8.96 

PCTR3 0.44 68.37 0.18 8.93 

PCTR4 0.44 67.05 0.22 8.91 

PCTR5 0.45 66.01 0.25 8.89 
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The original µCT image and the pseudo-CT images for PCTF are presented in figure 3A.4. Our 

hypothesis was that there would be a strong positive correlation with the segmented volume and weaker 

reconstruction filtering. The results are presented in Table 3A.2. In these pseudo-CTs the variation of the 

filter parameter value ranged from 01 to 88 where the lower value indicates increased filtering. With the 

increase of the blurring due to the filtering (or decrease of the filter parameter) the volume of the segmented 

structures decreases demonstrating a significantly strong correlation (𝑅2 = 0.995, 𝑝 = 0.0001). Similarly, 

a significantly strong correlation  (𝑅2 = 0.97, 𝑝 = 0.002) was observed between the A length and the filter 

parameter.  

 

Figure 3A.4: µCT image and corresponding synthetic pseudo-CT images after varying only the filter 

parameter. 
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Table 3A.2: ASM model performance and segmentation structure volume for varying resolution in 

synthetic pseudo-CT images. 

Images Point-to-point 

error (mm) 

Volume 

(𝑚𝑚3) 

Filter 

parameter 

A Length 

(mm) 

µCT N/A 73.90 N/A 9.08 

PCTF1 0.40 67.38 88 8.89 

PCTF2 0.39 66.33 66 8.88 

PCTF3 0.38 64.75 44 8.83 

PCTF4 0.39 63.35 22 8.79 

PCTF5 0.40 62.37 01 8.76 

 

Figure 3A.5 shows one of the µCT images overlaid with segmentation contours from the PCTF1 and 

PCTF5 volumes of the same temporal bone. From this figure it is evident that the ASM algorithm is 

underestimating the intra-cochlear structures’ volumes, and this underestimation is greater when stronger 

reconstruction filters are used, which impact volume and A-length estimates created using these 

segmentations. 

 

Figure 3A.5: Segmentation results positioned on one of the original µCT images. Blue represents the 

PCTF1 and yellow represents the PCTF5 for the varying filter parameter cases, and red represents the 

ground-truth. The green line represents the A length for the ground truth for this case. 
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3A.5 Conclusion 

To the best of our knowledge, this is the first work in which an intra-cochlear structure segmentation 

dataset was created to evaluate the effect of image acquisition parameters on segmentation size 

measurements including cochlear volume and diameter. The study has revealed critical information for 

clinicians regarding how to use intra-cochlear segmentations for procedure planning. 

Patient-customized CI surgery planning has the potential to improve the outcome of the CI procedure 

[7]. When surgeons plan the surgery and attempt to choose an array model based on the size of the patient’s 

cochlea, an accurate segmentation is critical. However, due to variation of the image acquisition criteria, 

resolution and sharpness vary among CT images which impact the accuracy of ASM based segmentation 

algorithms. In this study, we synthesized 110 pseudo-CT images from 11 µCT images with varying 

resolution and filtering parameters. The ASM based segmentation technique was applied to these pseudo-

CT images, and the volumes and diameters of the segmented structures were recorded. The results analysis 

indicates that both the image resolution and reconstruction filtering have significantly strong correlation with 

measurements of segmentation size, which confirms the ASM-based method’s bias. Ongoing work includes 

investigating how to account for the bias towards the image acquisition parameters. One simple method 

would be to perform a linear correction to the measurement bias. For example, to correct the segmented 

volume estimation errors that are due to the resolution of the image, a linear fit of the data in table 3A.1 

imply that for CTs of similar parameters as those used in PCTR, a reduction of estimated volume of 

approximately 21 mm3-volume per mm-isotropic voxel size can be expected relative to the true volume. 

Other ongoing work aims to create a multi-variable bias correction model, to investigate adaptations to the 

segmentation method to mitigate these biases at segmentation time, and to use this same testbed to investigate 

whether other cochlea segmentation methods, such as deep-learning based methods [17], or even expert 

delineation of the cochlear diameter in CT [13], are similarly biased. 
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CHAPTER 3B: COCHLEAR IMPLANT ELECTRODE ARRAY INSERTION 

DEPTH PREDICTION BASED ON THE SENSITIVITY OF INTRA-

COCHLEAR ANATOMY SEGMENTATION METHODS TO VARYING 

IMAGE ACQUISITION PARAMETERS 

 3B.1 Abstract 

During cochlear implant (CI) surgeries, an electrode array is inserted into the patient's cochlea to 

restore hearing sensation by stimulating the auditory nerve. Due to significant anatomical differences in the 

cochlea among individuals, customizing CI surgery for each patient can improve procedural outcomes. 

Methods for electrode array insertion depth prediction into the cochlea can guide surgeons in achieving 

more optimal array placement. In this study, we propose an Angular Insertion Depth (AID) prediction 

model that compensates for the sensitivity of segmentation algorithms to image acquisition parameters. Our 

model adjusts the cochlear scale, a representative feature for the overall size and shape of the cochlea, 

measurement based on CT image resolution and blurriness. While the model did not demonstrate 

improvement in AID prediction across all cases in the dataset in general, it showed statistically significant 

improvement (p=0.01) for CT images with higher blurriness compared to the previously developed model. 

These findings suggest that accounting for image quality factors can enhance the accuracy of AID 

predictions, particularly in suboptimal imaging conditions. 

3B.2 Introduction 

For severe-to-profound hearing loss, Cochlear Implant (CI) surgery is regarded as an effective 

treatment option [1]. In CI surgical procedure an electrode array is inserted into the inner ear (see figure 

3B.1) to stimulate the auditory neural pathways which are arranged in a tonotopic manner [2]. To induce 

the hearing sensation, the electrode array stimulates the auditory nerve [3]. The electrode array insertion 

depth into the cochlea is often studied to understand the variability in the speech perception results with 
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CIs. While some studies find positive correlation of speech perception with the insertion depth [4-7], others 

report no relationship [8,9]. One of our recent studies indicates that this relationship might be dependent on 

the type of electrode array used for the surgery [10]. There is conflicting evidence regarding cochlear 

implant (CI) recipients with no residual hearing. However, a rising number of CI recipients retain some 

residual hearing, with functional low-frequency hair cells and neural pathways. For these individuals, 

placing the electrode array in functional regions could negatively affect their residual hearing. The lateral 

and modiolar walls of the cochlear structure indicate the outer wall of the cochlear curve and the inner wall 

nearest to the mid-modiolar axis. With straight or lateral wall electrode arrays, surgeons insert the array 

through a small membrane called the “round window” (RW). The tip of the array slides along the lateral 

wall, guiding it deep into the cochlea. Thus, lateral wall electrode arrays tend to be placed next to the lateral 

wall, unlike perimodiolar or pre-curved electrode arrays designed to hug the modiolus. For patients with 

residual hearing implanted with lateral wall arrays, the surgeon aims to insert the array deep enough for 

better coverage of the auditory neural pathways but not so deep as to harm the deeper regions with healthy 

hair cells. Without being able to see inside the cochlea, the surgeon cannot precisely gauge the array 

insertion depth for each patient, making it challenging to avoid potential damage to regions with residual 

hearing. Hence, tools that help surgeons avoid over-inserting and damaging healthy regions are valuable. 

Previous studies defined the length of the lateral wall covered by an array as the cochlear coverage 

length (CCL), and the ratio of the CCL to the cochlear duct length (CDL) is referred to as cochlear coverage 

(CC) [11]. Timm et al. found that variations in CDL among patients affect electrode-specific CC20. Angular 

insertion depth (AID) is highly correlated with cochlear coverage (𝑅 = 0.98) [12]. Several studies have 

investigated the relationship between angular insertion depth and cochlear shape. One study examined the 

correlation between angular insertion depth, cochlear size, and linear insertion depth using a specific 

implant (Cochlear CI422) [13]. The study revealed a significant correlation between angular insertion depth 

and cochlear diameter at various linear insertion depths, with the strongest correlation at a 25 mm linear 

insertion depth (𝑅2 = 0.97, 𝑝 < 0.0001), and a notable correlation at a 23 mm depth (𝑅2 = 0.80, 𝑝 <
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0.0001) [13]. Anschuetz et al. introduced a linear insertion depth prediction model based on a targeted 

angular insertion depth [14]. Rathgeb et al. tested the clinical applicability of this prediction method by 

analyzing 50 CI recipients, all of whom received the same electrode array (MED-EL Flex28) [15]. 

However, these prediction models did not account for variations in electrode array length and diameter 

affecting angular insertion depth. Schurzig et al. designed a geometric model to predict angular insertion 

depth for MED-EL Flex arrays [16].  

To preoperatively predict the angular insertion depth, Khan et al. presented a data driven model 

that uses base insertion depth (BID), cochlear scale, array length and diameter for the prediction [17]. 

Cochlear scale was defined as a metric that represents the overall size of the cochlea. To obtain the cochlear 

scale the Scala Tympani volume of the intracochlear structures was segmented for the preoperative CT 

image [17]. In another study, it was reported that the segmentation algorithm has biases towards image 

acquisition parameters (i.e., resolution and blurriness) [18]. However, the predictive model presented by 

Khan et al. did not account for such biases. Therefore, in this study we developed an angular insertion depth 

prediction model addressing the biases of the segmentation algorithms for image acquisition parameters. 

Such bias corrective prediction model can enhance the angular insertion depth prediction for the cases 

where the CT image quality is poor. 
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3B.3 Methodologies 

3B.3.1 Dataset and Feature Compilation 

In this study we have collected and used a dataset of pre- and post-operative CTs of 140 CI users 

who had received lateral wall straight electrode array implants. Informed consent was acquired according 

to Vanderbilt IRB #090155 approved protocol. The dataset includes cases where current most common 

straight electrode arrays (including the MED-EL Flex28, Flex24 and Standard; the Cochlear CI522 and the 

Advanced Bionics SlimJ) are implanted. Table 3B.1 displays the number of each device along with the 

estimates of their length and width used in this study. The electrode array geometric measurements are 

obtained from manufacturers provided publicly available datasheets. 

 

Table 3B.1: Different electrode array types and their corresponding lengths and diameters in our dataset. 

Electrode array type Number of cases Array length (mm) Array diameter (mm) 

MED-EL (Standard) 9 31.5 0.75 

MED-EL (Flex28) 51 28 0.60 

MED-EL (Flex24) 7 24 0.50 

Cochlear (CI522) 26 23 0.40 

Advanced Bionics (HiFocus SlimJ) 47 23 0.55 

 

To segment the intracochlear structures from the preoperative images a non-rigid shape model was 

used which was obtained using high resolution µCTs [19]. Automated algorithms were employed to register 

the model non-rigidly to new CI recipients’ CT images [19, 20]. This automated localization process 

depends on active shape model methods for generating mesh that represents the Scala Tympani (ST). 

Electrodes were localized from the postoperative CTs implementing automated methods that starts with 

identifying candidate points for the electrodes [21]. The most probable candidate points representing the 

electrodes are then used formed a curve [21, 22]. A rigid coregistration between the postoperative and 

preoperative CT images was performed to determine the relative positions of the electrodes within the 

cochlea. The cochlear segmentation and the electrode localization were followed by the angular insertion 
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depth, base insertion depth and cochlear scale measurements. The angular insertion depth was measured by 

the insertion depth angle with respect to the round window of the most apical contact of the electrode array. 

The base insertion depth measurement was obtained by calculating the distance between the round window 

membrane and the most basal electrode. For cochlear scale metric measurement, we followed the following 

equation [17]:  

Cochlear Scale =
1

𝑁
∑ |𝑣⃗𝑖 − 𝑐|𝑁

𝑖=1 ,                                       (3B.1) 

According to the equation, the cochlear scale is the average distance of the set of all N vertices of the 

Scala Tympani mesh, {𝑣⃗𝑖}𝑖=1
𝑁 , to the centroid of that set of vertices, 𝑐 =

1

𝑁
∑ 𝑣⃗𝑖

𝑁
𝑖=1 . 

 

Figure 3B.1: Insertion depth of the lateral wall-positioned straight array is measured in angle around the 

mid-modiolar axis to the most distal contact (540°). 

3B.3.2 Synthetic Dataset for Image Acquisition Parameters’ Impact Measurement 

The segmentation algorithms have biases towards image acquisition parameters [18]. Therefore, to 

design a sensitivity corrective model we need to measure the impact of the acquisition parameters (i.e., 

resolution and blurriness) on the cochlear scale measurement. For this purpose, we generated a synthetic 

CT dataset of 36 images obtained from 4 cadaveric temporal bone specimens’ µCT images. The µCT 

images were initially downsampled to achieve the desired resolution. The down-sampled data was then 

projected onto a simulated CT detector space to generate the sinogram using the radon transformation. The 

sinogram was then backprojected into the world space, with a filter of the desired strength applied, to control 

the blurring effect of the synthetic CT image [18]. For measuring the blurriness of the CT images, we 

proposed a metric called Blur Parameter (BP) which is inversely proportional to the square-root of the 
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variance of the Laplacian of the image (equation 3B.2).  The higher value of BP indicates a blurrier image 

and vice versa. While creating the synthetic CT dataset, we varied both the resolution (ranging from 0.086 

mm to 0.34 mm) and the blurriness (ranging from 0.04 to 1.64). 

 

Blur Parameter =
100

√𝑉𝑎𝑟𝑖𝑎𝑛𝑐𝑒 𝑜𝑓 𝐿𝑎𝑝𝑙𝑎𝑐𝑖𝑎𝑛
                                           (3B.2) 

 

Figure 3B.2: Examples of synthetic CT images with varying image acquisition parameters (i.e., resolution 

and BP). 

 

The cochlear scale obtained after the intracochlear structures segmentation of the µCT, and synthetic 

CT images were considered to be the corrected cochlear scales and measured cochlear scales, respectively. 

A non-linear regression model was designed to predict the corrected cochlear scale based on the measured 

cochlear scale, image resolution and BP. The model was fitted and tested using a leave-one-out approach. 

3B.3.3 Corrective Prediction Model 

Khan et al. presented a data driven model for angular insertion depth prediction based on base insertion 

depth, cochlear scale, electrode array length and diameter [17]. However, the model does not account for 

the sensitivity of the segmentation algorithms for CT image acquisition parameter, which impacts the 

cochlear scale measurement. For this purpose, we modified their data driven model by replacing the 

measured cochlear scale with the corrected cochlear scale obtained through section 3B.3.2. Furthermore, to 



68 

 

imply the type of electrode array we introduced array-specific categorical variables into the model. The 

leave-one-out approach was adapted while fitting the testing the model. In this method, the model was 

trained by excluding one data point, which is then used for testing. This process is repeated until each data 

point has been used for testing once. 

3B.4 Results 

3B.4.1 Image Acquisition Parameter-based Cochlear Scale Correction 

As mentioned in one of the previous sections; to assess the impact of CT image acquisition parameters, 

we generated a synthetic CT dataset of 36 images from 4 cadaveric temporal bone specimens’ µCT images 

through varying the resolution and the blur parameter. The cochlear scale obtained after the intracochlear 

structures segmentation of the µCT, and synthetic CT images were considered to be the corrected cochlear 

scales and measured cochlear scales, respectively. The cochlear scale measurements trhoughout this 

synthetic CT dataset ranged from 2.39mm to 2.83mm. We designed a non-linear regression model to 

estimate the corrected cochlear scale based on the image resolution, blur parameter and measured cochlear 

scale (see eqn. 3B.3). 

𝐶𝑜𝑐ℎ𝑙𝑒𝑎𝑟 𝑆𝑐𝑎𝑙𝑒𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑒𝑑 = 𝑏0 + 𝑏1 ∗ 𝐵𝑃 + 𝑏2 ∗ √𝑅𝑒𝑠𝑜𝑙𝑢𝑡𝑖𝑜𝑛
4

+ 𝑏3 ∗ 𝐶𝑜𝑐ℎ𝑙𝑒𝑎𝑟 𝑆𝑐𝑎𝑙𝑒𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑑
2
         (3B.3) 

Table 3B.4 presents the estimated coefficient values including their corresponding p values. The root 

squared error of the model was 0.03mm with 𝑅2 = 0.80 and 𝑝 = 3.3𝑒 − 15. 

Table 3B.2: Estimated coefficients and corresponding 𝑝 values for equation 3. 

Coefficients Estimated value 𝑝 value 

𝑏0 1.275 2.45e-14 

𝑏1 0.069 3.92e-06 

𝑏2 0.416 7.7e-08 

𝑏3 0.161 9.367e-16 

 

The corrected cochlear scales obtained from eqn. 3B.3 with the corresponding coefficients were used 

to predict the angular insertion depth in the following section. 
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3B.4.2 Angular Insertion Depth Prediction with Cochlear Scale Correction 

Khan et al. presented a data driven approach to predict AID (eqn. 3B.4). However, the method lacks 

in addressing the adjustment required for cochlear scale measurement due to the sensitivity of the 

segmentation algorithms. Therefore, to predict the angular insertion depth we designed a linear regression 

model with corrected cochlear scale, base insertion depth, electrode array length and categorical variables 

which indicate electrode array type (eqn. 3B.5).  

𝐴𝐼𝐷 = 𝑐0+𝑐1 ∗ 𝐵𝐼𝐷 + 𝑐2 ∗ 𝐶𝑜𝑐ℎ𝑙𝑒𝑎𝑟 𝑆𝑐𝑎𝑙𝑒 + 𝑐3 ∗ 𝐴𝑟𝑟𝑎𝑦 𝐿𝑒𝑛𝑔𝑡ℎ + 𝑐4 ∗ 𝐴𝑟𝑟𝑎𝑦 𝐷𝑖𝑎𝑚𝑒𝑡𝑒𝑟              (3B.4)                                 

𝐴𝐼𝐷 = 𝑐1 ∗ 𝐵𝐼𝐷 + 𝑐2 ∗ 𝐶𝑜𝑐ℎ𝑙𝑒𝑎𝑟 𝑆𝑐𝑎𝑙𝑒𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑒𝑑 + 𝑐3 ∗ 𝐴𝑟𝑟𝑎𝑦 𝐿𝑒𝑛𝑔𝑡ℎ + 𝑐4 ∗ 𝑉𝑎𝑟1 + 𝑐5 ∗ 𝑉𝑎𝑟2 + 𝑐6 ∗ 𝑉𝑎𝑟3 + 𝑐7 ∗ 𝑉𝑎𝑟4  

(3B.5)                                 

Table 3B.3 shows the categorical variable values based on the electrode type. These values are 

assigned based on one hot encoding. Table 3B.4 shows the estimated values of the coefficients and their 

corresponding p values. 

Table 3B.3: Electrode array specific categorical variable. 

Electrode array type Var1 Var2 Var3 𝑉𝑎𝑟4 

MED-EL (Standard) 0 0 0 0 

Advanced Bionics 0 0 0 1 

MED-EL (Flex28) 0 0 1 0 

MED-EL (Flex24) 0 1 0 0 

Cochlear (CI522) 1 0 0 0 

 

Table 3B.4: Estimated coefficients and corresponding 𝑝 values for equation 3B.5. 

Coefficients Estimated value 𝑝 value 

𝑐1 33.41 1.70e-30 

𝑐2 -271.28 1.92e-15 

𝑐3 42.83 7.90e-32 

𝑐4 109.97 1.78e-05 

𝑐5 153.18 1.70e-09 

𝑐6 42.46 0.0056 

𝑐7 157.21 1.77e-09 
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Figure 3B.3: AID prediction error comparison between previously developed model and current model 

 

The boxplots in Figure 3B.3 shows the electrode array-specific AID prediction error comparison 

between previously developed model (𝑅2 = 0.813, 𝑝 = 1.11𝑒 − 28) and the model presented in this 

study (𝑅2 = 0.82, 𝑝 = 4𝑒 − 47). Table 5 demonstrates side by side comparison between AID prediction 

methods. It is evident that our model’s performance is almost identical to Khan et al. model evaluating for 

all the cases (140 cases in total). However, in the dataset, we had 25 images with the high blur parameter 

with BP>0.30. For those 25 CTs, our proposed model outperformed Khan et al. model with statistically 

significant improvement (p = 0.01). This indicates that, though for less blurry CTs our proposed model does 

not show any improvement, for CTs with high blurriness the proposed model is significantly effective. In 

table 3B.5, we included the mean absolute error of insertion depth in millimeters for understanding the 

impact of the prediction. To gauge the insertion depth prediction error in millimeters in the apical region of 
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the electrode array, we used the angular depths of the 3 apical electrodes and the corresponding electrode 

to electrode spacing. The mean absolute error was observed to be below 1 mm for the prediction model. 

Table 3B.5: Model performance analysis for insertion depth prediction. 

 
Number 

of cases 
Model 

Mean absolute 

prediction error [°] 

Mean absolute 

prediction error [mm] 
p value 

For all 

cases 
140 

Khan et al. [17] 30.48° ± 25.71° 0.960 ± 0.925 
0.99 

Proposed model 30.83° ± 25.63° 0.974 ± 0.923 

For cases 

with 

BP>0.30 

25 

Khan et al. [17] 31.51° ± 22.76° 0.960 ± 0.714 

0.01 
Proposed model 30.52° ± 23.68° 0.923 ± 0.765 

3B.5 Discussions 

In this study, we proposed an AID prediction model that compensated for the sensitivity of the 

segmentation algorithms to image acquisition parameters. In our proposed model, the cochlear scale 

measurement was adjusted based on the CT image resolution and blurriness. If we consider all the cases in 

the dataset, the model did not demonstrate improvement in AID prediction. However, for the cases with 

higher blurriness (BP>0.30), the proposed model showed statistically significant improvement in AID 

prediction compared to the previously developed model. The difference of mean absolute error between the 

previous and current model being around 1°. However, this improvement cannot be considered as clinically 

significant. In this research, we have performed our analysis with several other features (i.e., insertion 

distance and modiolar distance of the electrode array). We also trained a deep neural network with several 

fully connected layers. Despite these approaches, the AID prediction error did not decrease below 30°. 

Upon careful observations, we found that the cases where the prediction error was higher had unusual array 

placement. In Fig. 3B.4(a) and 3B.4(b), we can observe that the basal portion of the electrode array is 

adhering to the modiolar wall despite it being a lateral wall straight electrode array. This resulted in the 

model prediction to be shallower than the actual AID. On the other hand, in fig. 3B.4(c) we can observe an 

unusual bend in the basal region of the electrode array. This led the model to predict the AID deeper than 

the actual. 
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Figure 3B.4: Examples of cases with higher AID prediction error. 

  

3B.6 Conclusion 

During CI surgical procedures, it is important for a surgeon to know the depth of the tip of the array 

not only for optimal array placement but also for avoiding over-insertion into the healthy residual hearing 

region. For this purpose, we proposed here a data driven prediction model for angular insertion depth 

prediction based on cochlear scale, BID, electrode array length and type. As the cochlear scale is obtained 

from intracochlear segmentation outcome, we design a model to account for the segmentation algorithms’ 

sensitivity to image acquisition parameters. The adjusted or corrected cochlear scale was then used in the 

AID prediction model. The results demonstrates that though the overall performance of the proposed model 

did not show significant improvement, for the CTs with higher blurriness (BP>0.30) the proposed model 

showed significant improvement (p=0.01) compared to the previously developed model. However, the 

statistically significant improvement cannot be considered clinically significant. 
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CHAPTER 4: COCHLEAR IMPLANT FOLD DETECTION IN INTRA-

OPERATIVE CT USING WEAKLY SUPERVISED MULTI-TASK DEEP 

LEARNING 

The content of this chapter was published as a peer reviewed article: Khan, M.M., Fan, Y., Dawant, 

B.M. and Noble, J.H., 2023, October. Cochlear Implant Fold Detection in Intra-operative CT Using Weakly 

Supervised Multi-task Deep Learning. In International Conference on Medical Image Computing and 

Computer-Assisted Intervention (pp. 249-259). Cham: Springer Nature Switzerland. 

Except for the formatting and some organizational and stylistic improvements, the content of this 

chapter is almost identical to the aforementioned publication.  

4.1 Abstract 

 In cochlear implant (CI) procedures, an electrode array is surgically inserted into the cochlea. The 

electrodes are used to stimulate the auditory nerve and restore hearing sensation for the recipient. If the 

array folds inside the cochlea during the insertion procedure, it can lead to trauma, damage to the residual 

hearing, and poor hearing restoration. Intraoperative detection of such a case can allow a surgeon to perform 

reimplantation. However, this intraoperative detection requires experience, and electrophysiological tests 

sometimes fail to detect an array folding. Due to the low incidence of array folding, we generated a dataset 

of CT images with folded synthetic electrode arrays with realistic metal artifact. The dataset was used to 

train a multitask custom 3D-UNet model for array fold detection. We tested the trained model on real post-

operative CTs (7 with folded arrays and 200 without). Our model could correctly classify all the fold-over 

cases while misclassifying only 3 non fold-over cases. Therefore, the model is a promising option for array 

fold detection. 
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4.2 Introduction 

Cochlear implantations (CIs) are considered to be a standard treatment in the case of individuals with 

severe-to-profound hearing loss [1]. During CI surgical procedure an electrode array (EA) is implanted in 

the cochlea for stimulating the auditory nerve. Along the cochlear duct length, the neural pathways are 

arranged in a tonotopic manner by decreasing frequency [2]. Naturally, these pathways get activated 

according to their characteristic frequencies present in the incoming sound.  After implantation, the electrode 

arrays are used to stimulate the nerve pathways and induce hearing sensation [3].  

During the insertion process, one complication surgeons aim to avoid is called “tip fold-over,” where 

the tip of the array curls in an irregular manner inside the cochlear volume resulting in array folding [4]. This 

can occur when the tip of the electrode array gets stuck within an intracochlear cavity as the surgeon threads 

the array into the cochlea, largely blind to the intra-cochlear path of the array and with little tactile feedback 

available to indicate the tip of the array is folding [5]. Therefore, further pushing the base of the EA into the 

cochlea results in folding of the array (shown in Fig. 4.1) [5]. Tip fold-over can result in many complications 

which include trauma, damage to residual hearing and poor positioning of the EA inside cochlea, which 

ultimately leads to poor hearing restoration for the patient. If intra-operative detection of a tip fold-over is 

possible, the surgeon can address it through re-implantation of the electrode array [6]. In addition, post-

operative detection of minor fold-over can help audiologists to deactivate the affected electrodes to attempt 

to reach a more satisfactory hearing outcome [4].  

Although most CI centers do not currently attempt to detect tip foldovers, the current standard approach 

among sites that do is visual inspection of intraoperative fluoroscopy. However, these identification methods 

require experience to align the view optimally and limit the radiation exposure during the fluoroscopy [7]. 

Various studies (McJunkin et al., Sabban et al., Dirr et al., Timm et al., Sipari et al., Gabrielpillai et al., Jia 

et al., Garaycochea et al.) have reported on other approaches for detecting tip fold-over through CT imaging, 

NRT (Neural Response Telemetry) and EcochG (Electrocochleography) [7-9]. In some studies, it is reported 

that the intraoperative electrophysiological measures, such as NRT or EcochG, sometimes fail to identify the 
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tip fold-over cases [9, 10]. Pile et al. [11] developed a robotic system for tip fold-over detection where the 

support vector machine classifier is used on the EA insertion force profile. This approach is associated with 

robot assisted insertion techniques. This broad body of work emphasizes the need for an accurate approach 

for intra and/or post operative fold-over detection. Therefore, the goal of this study is to develop an approach 

to detect tip fold-overs in cone beam or conventional CT images using state-of-the-art deep neural network-

based image analysis. 

As tip fold-over cases are reported to be rare, it would be difficult to acquire a substantial number of 

cases for fully supervised training of any data-driven method. Zuniga et al. [4] studied CI surgeries in 303 

ears and reported 6 tip fold-over cases (less than 2%). Dhanasingh et al. [5] investigated 3177 CI recipients’ 

cases from 13 studies and reported 50 tip fold-over cases (1.57%). Only 0.87% (15 cases) tip fold-over cases 

were reported among 1722 CI recipients according to Gabrielpillai et al. [12]. Dhanasingh et al. [5] analyzed 

38 peer reviewed publications and reported that the rate of tip fold-over with certain types of arrays might 

be as high as 4.7%. Data scarcity thus makes it difficult to curate a balanced training dataset of tip fold-over 

cases.  

 

Figure 4.1: Coronal view (left) and axial view (middle) of electrode array tip fold-over in a postoperative 

CT. 3D rendering (right) of a folded over electrode array. 

 

Deep learning methods are the current state-of-the-art in medical image analysis, including image 

classification tasks. Numerous approaches have been proposed for using 3D networks to solve image 

classification tasks, e.g. [13-15]. Multi-tasking neural networks have also been used for simultaneous 

medical image segmentation and classification tasks. These networks have shared layers from the input side 
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which branch into multiple paths for multiple outputs, e.g., [16, 17]. Along with choosing the appropriate 

network for the CT image classification task one of the typical concerns is the class balance of the training 

dataset [17]. As tip foldovers are rare, augmentation approaches are needed to reduce the effect of data 

imbalance. 

Therefore, in this work we design a dataset of CT images with folded synthetic arrays with realistic 

metal artifact to assist with training. We propose a multi-task neural network based on the U-Net [18], train 

it using the synthetic CT dataset, and then test it on a small dataset of real tip fold-over cases. Our results 

indicate that the model performs well in detecting fold-over cases in real CT images, and therefore, the 

trained model could help the intra-operative detection of tip fold-over in CI surgery. 

4.3 Methodology 

4.3.1 Dataset 

In this study, we utilize CT images from 312 CI patients acquired under local IRB protocols. This 

included 192 post-implantation CTs (185 normal and 7 tip-fold), acquired either intra-operatively (cone 

beam) or post-operatively (conventional or cone beam), and 120 pre-implantation CTs used to create 

synthetic post-implantation CT. As image acquisition parameters (dimensionality, resolution and voxel 

intensity) vary among the images, we preprocessed all the CT images to homogenize these parameters. First, 

the intracochlear structures (e.g., Scala Tympani (ST) and Scala Vestibuli (SV)) were segmented from the 

CT image using previously developed automatic segmentation techniques [19-21]. Using the ST 

segmentation, a region-of-interest CT image was cropped from the full-sized CT image keeping the ST at 

the center of the cropped image. Then the cropped CT resolution was resampled to an isotropic voxel size of 

0.3mm with a 32x32x32 grid. As the final step of the preprocessing, the voxel intensity of the cropped image 

was normalized to ensure comparable intensity distribution among all the CT images. 
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4.3.2 Synthetic CT Generation 

Our synthetic post-operative CT generation approach is inspired by the process of synthetic preoperative 

CT generation by Khan et al. [22]. First, a random but realistic location for the electrodes is estimated in a 

real pre-implantation CT image. This was done by considering some constraints, such as the relative location 

of the ST, electrode spacing, active array length, relative smoothness of the electrode curve, whether a fold 

exists, and if so, the location of the fold. Randomized variability within plausible margins ensured generating 

a unique and realistic electrode array shape for each case.  

Once we estimated the probable locations of the electrodes, we placed high intensity (around 3-4 times 

the bone intensity) cubic blocks with a dimensionality of 4x4x4 voxels in an empty 32x32x32 grid in 

locations corresponding to the electrode sites in the preoperative CT. We also added small high intensity 

cubic blocks (with a dimensionality of 2x2x2 voxels) between the electrodes to represent the wires that 

connect to the electrodes. This resulted in an ideal image with a synthetic electrode array (shown in Fig. 4.2) 

but lacking realistic reconstruction artifacts. To get a realistic metal artifact, we applied radon transformation 

on the high intensity blocks to project the data on the detector space. Then, with the resulting sinogram, we 

applied inverse radon transformation to backproject the sinogram into the world space. The backprojection 

process is done two times separately: first time with low frequency scaling (to achieve blurry metal edge) 

and second time with high frequency scaling (to achieve dominant metal artifact). A Hamming filter was 

used in the backprojection process. Finally, the preoperative CT and the images with back-projected 

synthetic EA with realistic metal artifact were merged together additively to generate a synthetic 

postoperative CT image. Wang et al [23] also presented a method to generate synthetic CT images with metal 

artifact, however, the aim of the study was to remove metal artifact from post-implant CT images. 
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Figure 4.2: Synthetic postoperative CT with realistic metal artifact generation process from preoperative 

CT image. 

 

Table 4.1: Overall distribution of the dataset. 

 

Using the described synthetic CT generation process, we produced 215 synthetic pseudo CTs (PCTs) 

with random electrode locations sampled from 100 preoperative real CT images with stratified sampling into 

the training, validation, and testing datasets. In these PCTs, 155 images have a synthetic EA with tip fold-

over and the remaining 60 do not have any fold over. The combined dataset including 379 real CTs and 215 

synthetic CTs was divided into training (335), validation (22) and testing (237) subsets. The overall 

distribution of the dataset is presented in table 4.1. As the number of real fold-over cases is very low (about 

1.85% in this study), we allotted all of them in the testing dataset.   
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Figure 4.3: Multitasking 3D U-Net architecture for EA segmentation and tip fold-over classification. 

 

4.3.3 Multi-task Deep Learning Network 

The neural network model proposed in this study for EA fold-over detection was inspired by the 3D U-

Net architectures proposed by Isensee et al. and Ronneberger et al. [24, 18]. The model is a multitasking 

network where the outputs are the segmentation of the EA and fold-over classification. Our hypothesis is 

that this multi-task approach helps the network focus attention on the shape of the EA when learning to 

classify the CT, rather than overfitting to a spurious local minima driven by non-EA features in the training 

dataset. The architecture is comprised of a context pathway for encoding the increasingly abstract 

representation of the input as we advance deeper into the neural network. A localization pathway recombines 

the representation for localizing the EA [20]. In the model, the context modules compute the context 

pathways. Each of these modules is a pre-activation residual block [25] which has a dropout layer 

(𝑝𝑑𝑟𝑜𝑝𝑜𝑢𝑡 = 0.2) in between two convolutional layers of 3x3x3 dimensionality. 

The localization pathways collect features at lower spatial resolution where the contextual information 

is encoded and transfer it to the higher resolution. This is done by using an upsampling step followed by a 
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convolutional layer. The upsampled features are then concatenated with the corresponding context pathway 

level. Segmentation layers from different levels of the architecture are convolutional layers that are combined 

by elementwise summation to build the segmentation in a multi-scale fashion and obtain the final 

segmentation output. This approach was inspired by Kayalibay et al. [26]. 

A classification branch is added to the network at the point where the contextual information is encoded 

at the lowest resolution (shown in Fig. 4.3). The classification branch consists of 4 residual blocks [27] 

followed by an average pooling layer and a sigmoid function layer.  

We used binary cross entropy (BCE) loss between the EA ground truth, created by manually selected 

thresholding of the CT image, and the predicted segmentation. For fold-over classification, we also used 

BCE loss between the ground truth and the predicted class. However, to place emphasis on the classification 

performance of the model, the classification loss was weighted 5 times the loss for the segmentation. The 

learning rate and the batch size were considered 3e-5 and 20, respectively. While training the model, random 

horizontal flipping and 90° rotation were used as data augmentation techniques for generalization. 

To evaluate the performance of the proposed model compared to some other neural network models, 

we implemented 3D versions of ResNet18 [15], Variational Auto-encoder (VAE) [28] and Generative 

Adversarial Network (GAN) [29]. The overall performance comparison among these network architectures 

is presented in the result section. Similar to the multitasking 3D U-Net, proposed in this study, the VAE and 

the GAN architectures were designed with the same multi-task objective. In the VAE network, the 

information of the input image was encoded in 128 latent variables in the encoder section of the model. With 

these latent variables the decoder section reconstructs a 3D image with the EA segmentation. A classification 

branch with the same architectures as proposed above was added to the encoder section for fold-over 

detection. Similarly, the GAN also had a classification branch in the generator model of the architecture. The 

ResNet18 performs only classification, and thus represents classification performance achievable without 

multi-task training. 
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4.4 Results 

The training and validation loss curves of multitasking 3D U-Net are presented in Fig. 4.4. The graph 

at the top presents the overall training and validation loss. A rapid drop is visible in the segmentation loss 

curves where the validation loss curve swiftly follows the training loss curve. On the other hand, the 

classification loss demonstrates a gradual drop. 

Next, we compare the performance of different models for fold-over classification. In addition to the 

performance analysis of these networks for the whole testing data, we separately reported the performance 

analysis for the synthetic as well as the real portions of the testing data. The separate analysis provides 

insight about the applicability of the trained model for the real CT images. 

 

 

Figure 4.4: Training and validation loss curves of 3D U-Net. 

 

As reported in Table 4.2, the proposed multitask network has a classification accuracy of 98% for all 

the testing data (237 CT images). Among those 207 (7 tip fold-over and 200 non fold-over cases) are real 

CT images where the proposed model is 99% accurate regarding the classification by misclassifying 3 non 

fold-over test cases. In addition, the model misclassified 1 synthetic CT with folded over condition which 

degraded its accuracy to 97% for synthetic data. Although segmentation is not our primary goal, the model 

was able to consistently capture the location of the EA (example shown in figure 4.5). Inference time for 

our network was 0.60 ± 0.10 seconds. 
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Table 4.2: Tip fold-over detection result comparison among different networks. 

 

 

 

Figure 4.5: Real CT with tip fold-over condition (left) and segmentation output of the multitasking 3D U-

Net (right). 

 

On the other hand, ResNet18 demonstrated lower classification accuracy (around 87%) while 

misclassifying several synthetic CTs and the real CTs with tip folded over. In our study, the 3D versions of 

VAE and the GAN networks rendered promising segmentation results comparable to those of the 3D U-

Net. However, in case of tip fold-over detection both the networks classified all the fold-over cases as non 

fold-overs. This suboptimal performance made our implemented VAE and GAN impractical for intra and/or 

postoperative fold-over detection. 

Table 4.3 presents results of a hyperparameter settings evaluation study. As the optimizer, we 

considered the Adam and Stochastic Gradient Descent (SGD). The learning rate was varied between 1e-3 

to 1e-5; however, the best classification output was obtained using a learning rate of 3e-4. As stated in the 

methodology, we assigned a higher weight with the classification loss for emphasizing on the classification 
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branch during the training process. Better classification accuracy was obtained for real CTs when the weight 

was either 2 or 5. From the classification accuracy, sensitivity, and specificity analysis in Table 3 it is 

evident that the Adam optimizer with a learning rate of 3e-5 outperforms the other hyperparameter 

combinations for real CT fold-over detection. The classification loss weight and the batch size were 

considered 5 and 20, respectively. Similar hyperparameter analysis was done to select parameters for the 

other networks evaluated in this study, but not included here for the sake of brevity. 

Using Adam optimizer with learning rate 3e-4, batch size of 20, and classification loss weight of 5, we 

repeated the training process 8 times to investigate training stability. In one out of eight cases, the resulting 

model could again correctly classify all the real CTs (7 with folded EA and 13 without) in the testing dataset. 

For the remaining 7 of 8 models, the network could correctly classify 19 out of 20 real CTs (misclassifying 

one fold-over case), which results in a classification accuracy of 95% for real postoperative CT images. 

Table 4.3: Tip fold-over detection result comparison among different hyperparameter settings. 

 

 

4.5 Discussion and Conclusion 

In a CI surgical procedure, the relative positioning of the EA influences the overall outcome of the 

surgery [30, 31]. A tip fold-over case results in poor positioning of the apical electrodes and, hence, can 

lead to severe consequences including trauma, damage to the residual hearing region and poor hearing 
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restoration. Upon intraoperative detection of such a case, the surgeon can extract and reimplant the array to 

avoid any folding. The conventional detection processes require experience yet are prone to failure. In 

addition, due to the incidences of fold-over cases being low, training a model to detect these cases with real 

data is difficult. Therefore, in this study, we generated a dataset of CT images with folded synthetic 

electrode arrays with realistic metal artifact. A multitask custom network was proposed and trained with 

the dataset for array fold detection. We tested the trained model on real post-implantation CTs (7 with 

folded arrays and 200 without). We were able to train a model that could correctly classify all the fold-over 

cases while misclassifying only 3 non fold-over cases. In future work, clinical deployment of the model 

will be investigated. 
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CHAPTER 5: COCHLEAR IMPLANTATION OF SLIM PRE-CURVED 

ARRAYS USING AUTOMATIC PRE-OPERATIVE INSERTION PLANS 

5.1 Abstract 

 Cochlear implant (CI) insertion plans created by automatic image analysis methods using pre-

operative imaging can lead to improved positioning of slim pre-curved electrodes for experienced attending 

surgeons who are previously inexperienced with planning software. A system for patient-customized 

insertion planning using pre-operative imaging has been proposed for optimizing electrode array 

positioning. This study represents the first evaluation of this approach for insertion of a slim pre-curved 

electrode array by a surgeon with no previous experience with planning software. Twenty-one temporal 

bone specimens were divided into experimental and control groups. For the control groups, the surgeon 

performed a traditional insertion. For the experimental group, customized surgical plans, including entry 

site and trajectory, curl direction, and insertion depth, were provided. Electrode insertions in the temporal 

bones were better on average in the experimental than the control groups as measured by angular insertion 

depth (AID) (410° vs 368°), mean modiolar distance (MMD) (0.34 vs 0.41), full scala tympani placement 

(100% vs 79%), and tip fold rate (0% vs 21%). The proposed model of patient-customized CI insertion 

planning can lead to better electrode array positioning and reduced rate of dol-over cases. 

5.2 Introduction 

Cochlear implantation (CI) is a standard treatment approach for individuals experiencing moderate-

to-profound hearing loss [1]. CI electrode arrays (EA) can be broadly divided into two categories: straight 

and pre-curved. Pre-curved EA has shape that approximates the curvature of the average human cochlea’s 

modiolar wall [8,9]. Perimodiolar positioned pre-curved arrays are associated with better audiologic 

outcomes [10-14]. However, first generation pre-curved EA have a 42% risk of translocation [15] and 

typically do not achieve the intended ideal perimodiolar positioning [16]. Because cochlear anatomy varies 
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[17-20] and suboptimal array positioning can lead to compromised outcomes [21], pre-curved array 

insertion planning techniques based on patient-specific cochlear anatomy have been proposed [22, 16]. 

One of the main barriers for pre-implantation planning is the difficulty of accurately segmenting 

cochlear anatomy due to the resolution of available preoperative images. While tremendous progress has 

been made in MRI imaging of the ear [23], computed tomography (CT) offers the best resolution and ability 

to localize key landmarks utilized by surgeons such as the chorda tympani [24]. Yet, visualization of intra-

cochlear structures such as the scala tympani (ST), scala vestibuli (SV), and modiolus can be challenging 

with CT. Methods have thus been developed to construct a high resolution micro-CT (μCT) atlas and then 

map the atlas of patients’ cochleae in clinical CT with high accuracy [25,26, 41].  

Moreover, a novel method to create patient-specific insertion trajectories using segmentations of intra-

cochlear anatomy as well as the facial nerve, chorda tympani, and ossicles have been proposed [22, 27, 28] 

and tested. Temporal bone insertion experiments were conducted with a surgeon who was involved in the 

design of this planning method, and the Advanced Bionics (Valencia, CA) Mid-Scala electrode was used. 

One of the goals of that work was to confirm insertion plans impact electrode placement, thus experimental 

insertions were compared to control insertion plans that were reasonable yet intentionally sub-optimal. 

Statistically significant improvements were found for perimodiolar positioning within the ST when 

preoperative planning was used. In order to evaluate whether this method remains effective for other EAs 

and surgeons, in this work, our objective in this study was to assess EA positioning with the use of a slim 

pre-curved electrode – the Cochlear CI 532/632 (SP) – by an experienced attending surgeon who was 

inexperienced with CT-based insertion planning methods, and compare the experimental electrode 

placement to a control condition where no plan is used.     
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5.3 Methodology 

5.3.1 Data 

In this study, pre- and post-implantation cone beam CT images of 21 cadaveric temporal bone specimens 

were used. Each bone was implanted with a SP EA by a surgeon who was previously experienced with these 

arrays in the operating room. The bones were evenly divided into three groups: experimental group (Exp), 

control group 1 (C1), and control group 2 (C2). To measure baseline performance in EA positioning, C1 

bones were implanted first without the benefit of a preoperative plan. Then the Exp implantations were 

performed using customized electrode insertion plans aimed to optimize positioning of the EA, created using 

an extended version of the previously described approach [22]. The plan includes instructions on insertion 

trajectory (pitch, yaw, and roll) and depth to achieve optimal perimodiolar positioning. Finally, C2 bones 

were implanted without customized planning to detect potential changes from exposure to preoperative 

planning. 

 

Figure 5.1: The steps for the proposed image guided insertion planning are shown. The automatically 

segmented intracochlear cavity surfaces are shown in (a). In (b) and (c) superimposed contours on 

preoperative CT are shown. In (d) the array model registered to the medial wall of the ST is shown. In (e) 

a view close to the selected optimal trajectory for a substantially extended RW entry site (black line) is 

shown. 
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5.3.2 Approach 

We extended the planning methods described in [22] by adding an over-insertion, followed by pullback 

technique [29]. The base insertion depth was defined to be the distance of the middle depth marker on the 

array to the point where the RW plane and the insertion vector intersect.  An initial over-insertion to a depth 

of 2mm beyond the recommended final array model base insertion depth was recommended, followed by 

pullback of the array until the planned array model base insertion depth was achieved. This technique has 

been shown to achieve deeper perimodiolar positioning of the EA compared to simply stopping at the 

planned depth without additional manipulation [29].  

In each case, three solutions were generated that corresponded to three different cochlear entry points: 

through the middle of the round window, through a mildly slightly extended round window, and through a 

substantially extended round window. From the three optional plans, the surgeon selected the insertion plan 

that was most feasible with the given anatomy. In Figure 5.1e an example of a selected insertion plan entry 

vector is presented with anatomical structures that are automatically segmented from the preoperative CT. 

In this example, the optimal trajectory that uses a substantially extended round window and is collinear with 

the ST base takes a path that is close to the facial nerve. 

In addition to an interactive 3D rendering, the insertion plan was also presented to the surgeon in a text 

format. In order to make the plan more comprehensive and feasible, the insertion plan was converted into 

coarse instructions with reference to structures that can be visualized directly. The following is an example 

of plan instructions: 
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 Entry site: Substantially Extended RW. 

 Insertion vector: Distance of the insertion trajectory from the facial nerve: 1.5 mm. Distance 

of the insertion trajectory from the chorda: 0.5 mm. Distance of the insertion trajectory from 

the ossicles: 3 mm. Tilt of the optimal trajectory with the round window plane (0 degrees 

indicates perpendicular insertion): 55 degrees. Curl Direction (considering clock-face 

centered on the entry site and the stapes footplate is at 12 o’clock): 11:30. Round window 

insertion site (considering clock-face centered on middle of round window and the stapes 

footplate is at 12 o’clock): 07:30. 

 Base insertion depth: The proximal (closest to the surgeon) marker should be inserted until 

it is 1.5 mm past the entry point. 

 Pullback: After the array is inserted with the proximal (closest to the surgeon) marker 1.5 

mm inside the entry point, then pullback the array until the middle marker is 0.5 mm outside 

the entry point. 

The insertion plan instructions were designed to provide intuitive guidance during the surgical 

procedure. For example, the curl direction as well as the insertion point were presented as a clock face 

position, with the center of the stapes footplate serving as the 12:00 o’clock reference angle (see Figure 5.2). 

While presenting the curl direction, the center of the clock face was at the EA entry site. Conversely, the EA 

entry point direction was presented by keeping the clock face centered at the RW center. In this case, the 

anatomical references (chorda, ossicles and facial nerve structures) were presented in a zoomed in view for 

better visualization of the EA entry point. 

5.3.2 Evaluation 

A post-operative CT was taken after each implantation in order to evaluate the electrode position using 

previously reported automated methods [30, 31]. Scalar location, mean modiolar distance (the average 

distance from the centroid of each contact to the closest point on the modiolar wall) and the angular depth 
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for each EA were measured. Comparing results across the C1 and Exp groups facilitated testing whether the 

planning method improved electrode placement, and comparing results across the Exp, C1, and C2 groups 

facilitated testing whether the planning method led to changes in surgical technique. 

 

Figure 5.2: Shown in (a) is the clock face representation of the array curl direction, keeping the center of 

the stapes footplate at 12:00 o’clock while viewing down the selected trajectory. The center of the clock 

face is the EA entry site. Shown in (b) is a similar but different clock face representation of the entry site 

location relative to the center of the RW. The center of the stapes footplate still defines 12:00 o’clock, but 

the center of the clock face is the RW center. 

 

5.4 Results 

Table 5.1 presents summary statistics on resulting electrode position for each test condition. The same 

data are shown in boxplots in Figure 5.3.  

Table 5.1: Electrode position statistics for each test group 

Groups 
Number of cases 

with scalar 
translocation  

Angular 
Depth (º) 

Mean Modiolar 
Distance (mm) 

Mean Modiolar 
Distance (apical 

half) (mm) 

EXP 0 410 ± 32 0.34 ± 0.08 0.15 ± 0.05 

C1 2 377 ± 102 0.39 ± 0.25 0.29 ± 0.27 

C2 1 359 ± 106 0.44 ± 0.27 0.34 ± 0.28 
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Table 5.2: Electrode position before EA pullback vs the final positioning after pullback 

Groups 
Number of cases 

with scalar 
translocation 

Angular 
Depth (º) 

Mean Modiolar 
Distance (mm) 

Mean Modiolar 

Distance (apical 
half) (mm) 

Before 
pullback 

0 419 ± 29 0.34 ± 0.09 0.20 ± 0.09 

Final 0 410 ± 32 0.34 ± 0.08 0.15 ± 0.05 

 

In the C1 group, 2 of the 7 insertions resulted in scalar translocation, one of which had a tip fold-over. 

No translocations or fold-overs were observed in the Exp group. The average angular depth was higher in 

the Exp group (410° ±  32°) compared to the cases in the C1 group (377° ±  102°). The overall mean 

modiolar distance was observed to be higher in the C1 group (0.39 ±  0.25) compared to Exp (0.34 ±

 0.08). For the apical half of the EA (electrode number 12 to electrode number 22), the C1(0.29 ±  0.27) 

group demonstrated substantially higher mean modiolar distance compared to those of group Exp (0.15 ±

 0.05), but this difference was not found to be statistically significant.  

In group C2, one tip fold-over was observed. Similar translocation rates and angular insertion depths to 

group C1 were observed. The modiolar distance and the apical modiolar distance was on average higher for 

group C2 than C1.   
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Figure 5.3: (a) The angular insertion depth or the angular depth for different experimental groups 

presented as boxplots, (b) mean modiolar distance presented as boxplots and (c) mean modiolar distance 

for the apical half of the EA presented as boxplots. 

 

 

In Table 5.2, we compare final EA positioning using the experimental technique to the electrode 

position of the same arrays prior to implementing the pullback technique. As shown in the table, the pullback 

technique was able to reduce apical mean modiolar distance by 25% on average while having minimal 

change to angular depth. In Figure 5.4, modiolar distance curves are shown before (a) and after (b) pullback 

in the experimental group, followed by the results for C1 (c) and C2 (d). Each curve corresponds to a single 

EA, and the height of the curve displays the modiolar distance for each electrode in the array. Arrays that 

have increased modiolar distance due to over-insertion are typically characterized by modiolar curves that 

have maxima in the middle electrodes, which is evident in different examples in (a), (c), and (d). Comparing 

(a) and (b), in 5 out of 7 cases where increased modiolar distance of the electrodes is present prior to pullback 

in (a) are successfully corrected in (b) with slight increases to modiolar distance in the base of the array.  
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Figure 5.4: Electrode modiolar distance curves in different groups. Each curve corresponds to a single 

EA, and the height of the curve displays the modiolar distance (in mm) for each electrode in the array. 

 

5.5 Discussion and Conclusion 

Precision medicine has opened a new dimension in the health care system. However, due to the 

traditional one-electrode-size-fits-most approach to cochlear implantation, patient-specific surgical 

planning has yet to come into widespread use. Currently, the average postoperative sentence and word 

recognition are reported to be 70% and 55% [33], respectively. Customized surgical plans offer the 

opportunity to further improve post-operative hearing performance with improved EA positioning [11]. 
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Herein, we report that customized insertion plans led to better scalar location, greater angular depth, 

and decreased mean modiolar distance, on average. Two instances of tip fold-over occurred, both cases 

occurring without the aid of the insertion plan.  Tip fold-over can lead to severe trauma and damage to the 

cochlea [34]. Using the pullback technique, modiolar distance in the apical portion of the array was reduced 

without sacrificing substantial insertion depth or optimal scalar location. Reducing modiolar distance of the 

apical portion of the array is interesting because channel interaction due to modiolar distance has been 

shown to have greater effect for apically located electrodes compared to basal electrodes [32]. 

We further hypothesized that the use of the preoperative planning approach may lead to learning effects 

for surgeons who use the approach. If substantial learning effects existed, then after using the planning tool 

for a series of cases, future EA placements should improve even without the use of preoperative planning. 

We compared EA positioning from insertions in 7 temporal bones post-planning experiment to 7 temporal 

bone insertions performed prior to the planning experiment. Our results show similar performance between 

the two groups in terms of angular insertion depth, modiolar distance, scalar location, and rate of tip folding. 

This suggests that familiarity with the preop-planning tool gained from inserting 7 temporal bones does not 

alter or improve future EA insertions without the use of the planning tool.  

One of the major limitations of this study is that our experiments included only one type of EA. 

However, the approach has been shown to be effective for the two pre-curved EA that have most widespread 

use (one in the current study and the other in a prior study [22]). Our future goal is to perform further 

experiments with multiple surgeons and increase sample size for both electrode types. Although pre-curved 

arrays were the focus of these studies, the preoperative planning approach could be applicable to straight 

EAs, with some modifications to the strategy for determining optimal vector and depth [36, 37].  

Prior studies have shown there are higher rates of translocation and array folding in cadaveric temporal 

bone insertions compared to clinical ones, likely due to degraded basilar membrane integrity for ex vivo 

temporal bones [38]. In the non-guided condition, we indeed observed higher complication rates than 

reported with the clinical use of this same device [35]. With preop planning, good electrode placement 
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outcomes were achieved despite the challenging conditions, further demonstrating the promise of the 

technique. 
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CHAPTER 6: CONTRIBUTIONS AND FUTURE WORK 

In this dissertation, innovative methods are presented which facilitate the optimal placement of the 

electrode array during cochlear implant (CI) procedures, thereby significantly improving surgical 

outcomes. Despite their effectiveness, CI procedures face several critical limitations. One of the primary 

challenges is the lack of visualization for the surgeon during the operation, which makes accurate electrode 

array placement difficult. Additionally, the anatomical variations in the cochlea among different individuals 

further complicate the procedure. Major complications, such as fold-overs and scalar translocation can 

severely impact the surgical outcomes. Furthermore, overinsertion of the electrode array into the healthy 

region of the cochlea with residual hearing can cause trauma and damage to this region. To address these 

significant limitations, this dissertation presents several image-guided pre-, intra-, and post-operative 

approaches. The methods presented in this dissertation collectively aim to improve the overall outcomes of 

cochlear implant surgery. By providing surgeons with detailed preoperative guidance, intraoperative fold-

over detection and postoperative analysis, these approaches reduce the risk of complications and trauma 

associated with the procedure. Ultimately, these innovations in cochlear implant surgical procedure 

represent a significant advancement in the field and offer the potential for better surgical outcomes and 

improved quality of life for individuals with severe to profound hearing loss. 

6.1 Summary of Research Contributions 

This doctoral research has made several key contributions to the field of cochlear implants: 

6.1.1 Preoperative Prediction Model for Angular Insertion Depth 

For the proper placement of the electrode array as well as for the preservation of the low frequency 

residual hearing, it is important for a surgeon to know the relative position of the array inside the cochlea. 

Therefore, we proposed a model for the prediction of angular insertion depth. Our results showed how 

accurately our model can predict the angular insertion depth for straight electrode arrays. Surgeons may use 
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the model to select the best electrode array and/or plan a base insertion depth for a given array that 

minimizes the likelihood of inserting the array into a region of the cochlea where residual hearing exists.  

6.1.2 Sensitivity Analysis of the Intra-cochlear Segmentation Algorithms 

Patient-customized CI surgery planning has the potential to improve the outcome of the CI procedure. 

When surgeons plan the surgery and attempt to choose an array model based on the size of the patient’s 

cochlea, an accurate segmentation is critical. However, due to variation of the image acquisition criteria, 

resolution and sharpness vary among CT images which impact the accuracy of ASM based segmentation 

algorithms. Therefore, we synthesized 110 pseudo-CT images from 11 µCT images with varying resolution 

and filtering parameters. The ASM based segmentation technique was applied to these pseudo-CT images, 

and the volumes and diameters of the segmented structures were recorded. The results analysis indicated that 

both the image resolution and reconstruction filtering have significantly strong correlation with 

measurements of segmentation size, which confirmed the ASM-based method’s bias. To the best of our 

knowledge, this is the first work in which an intra-cochlear structure segmentation dataset was created to 

evaluate the effect of image acquisition parameters on segmentation size measurements including cochlear 

volume and diameter. The study has revealed critical information for clinicians regarding how to use intra-

cochlear segmentations for procedure planning. 

6.1.3 Corrective Prediction Model for Electrode Array Insertion depth based on Sensitivity of 

the CT Image Acquisition Parameters 

During CI surgical procedures, it is important for a surgeon to know the depth of the tip of the array 

not only for optimal array placement but also for avoiding over-insertion into the healthy residual hearing 

region. For this purpose, we proposed here a data driven prediction model for angular insertion depth 

prediction based on cochlear scale, BID, electrode array length and type. As the cochlear scale was obtained 

from intracochlear segmentation outcome, we designed a model to account for the segmentation algorithms’ 

sensitivity to image acquisition parameters. The adjusted or corrected cochlear scale was then used in the 

AID prediction model. The results demonstrated that for the CTs with higher blurriness (BP>0.30) the 
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proposed model showed significant improvement (p=0.01) in insertion depth prediction compared to the 

previously developed model. However, the statistically significant improvement is yet to be considered 

clinically significant. 

6.1.4 Electrode Array Fold Detection Model Using a Weakly Supervised Multi-Task Deep 

Learning 

During the CI surgery, a tip fold-over case results in poor positioning of the apical electrodes and, 

hence, can lead to severe consequences including trauma, damage to the residual hearing region and poor 

hearing restoration. Upon intraoperative detection of such a case, the surgeon can extract and reimplant the 

array to avoid any folding. The conventional detection processes require experience yet are prone to failure. 

In addition, due to the incidences of fold-over cases being low, training a model to detect these cases with 

real data is difficult. Therefore, we generated a dataset of CT images with folded synthetic electrode arrays 

with realistic metal artifact. A multitask custom network was proposed and trained with the dataset for array 

fold detection. We tested the trained model on real post-implantation CTs (7 with folded arrays and 200 

without). We were able to train a model that could correctly classify all the fold-over cases while 

misclassifying only 3 non fold-over cases. 

6.1.5 Framework for Automatic Generation of CI Surgical Insertion Plan  

In order to implement the patient customized guided insertion plan, we developed a text-guided 

surgical planning technique avoiding the need of the intra-operative tracking for facilitating the surgical 

procedure. The surgical recommendations were conveyed to the surgeon in a form of text module where 

the anatomical landmarks were used as references. The guidance module consisted of surgical instructions 

about the array entry site, insertion trajectory, tilt of the array with the round window, insertion depth and 

the pullback action. These instructions can pre- and intra-operatively help surgeons to place the electrode 

array at a patient specific optimal location. However, whether the preoperative generation of the insertion 

trajectory and the text guidance module with the surgical plan assisted to place the electrode array closer to 

the planned optimal trajectory is a study yet to be conducted. Therefore, it was required to analyze the final 
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electrode array position to the preoperatively generated insertion trajectory to evaluate the effectiveness of 

the text guidance approach in CI procedure. As a part of this analysis, the final electrode positions relative 

to the intra-cochlear structures were analyzed from the postoperative CT images. The modiolar distance, 

insertion depth, scalar location of the electrodes was calculated and compared between the surgeries with 

preoperative plan versus those without. The comparative analysis helped us to assess the influence of the 

guidance module on achieving a better array positioning. 

6.2 Future Work 

This dissertation explores methods for enhancing the outcomes of the CI surgical procedures. Through 

developing several pre-, intra- and postoperative methods we have addressed some of the limitations of CI 

surgery. This dissertation offers detailed problem formulations and potential solutions, such as angular 

insertion depth prediction, fold-over detection, sensitivity analysis of the segmentation algorithms and 

preoperative surgical plan generation. Future work will focus on the implementation of the angular insertion 

depth prediction model in surgical settings, accompanied by the adaptation of surgical techniques to 

improve the model's performance. We aim to integrate this model into routine cochlear implantation 

procedures, providing surgeons with accurate preoperative guidance for optimal electrode array placement. 

In addition, we will deploy the fold-over detection model in surgeries to assess its effectiveness in 

preventing complications associated with electrode array folding. 

To validate and refine the preoperative surgical plan generation framework, we will collect extensive 

data from surgical cases where the preoperative guidance modules were used. This dataset will be analyzed 

to identify areas for enhancement, ensuring that the module offers the most precise and beneficial 

recommendations. Continuous feedback from surgical implementations will contribute to better clinical 

outcomes in patients undergoing cochlear implantation. 

 

 


