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Although osteoporosis is a debilitating disease that affects 9% of individuals over 50 years of age 

in the US and 200 million women globally, osteoporosis screening is underutilized. A 

complementary approach to osteoporosis screening is opportunistic screening using pre-existing 

images to detect spinal osteoporotic compression fractures (OCFs). Spinal OCFs are often 

incidental findings and under-reported. An automated opportunistic screening tool can ensure 

earlier diagnosis and treatment of spinal OCFs and osteoporosis. A crucial component for the 

automated opportunistic screening tool is an OCF classifier that detects OCF on each vertebral 

body. In this research, we focus on building this OCF classifier. To do this, two spine radiograph 

datasets were obtained, whose radiographs are in the Digital Imaging and Communications in 

Medicine (DICOM) format. To annotate the data, we designed DicomAnnotator, a configurable 



 

 

 

open-source software program for efficient DICOM image annotation. With the annotated 

radiographs, we used five deep learning algorithms to build the OCF classifier. Training a deep 

learning model on a large dataset is often time-consuming. During deep learning model training, 

it is desirable to offer a non-trivial progress indicator that can continuously project the remaining 

model training time and the fraction of model training work completed. This makes the deep 

learning model training process more user-friendly. We designed the first set of techniques to 

support progress indication for deep learning model training that allows early stopping. In 

summary, we realized the following three aims in this research:  

1) Aim 1: Design DicomAnnotator. Usability evaluation shows that DicomAnnotator is easy to 

learn, is efficient to use, and allows annotators to quickly make several types of annotations on 

a large set of DICOM images. 

2) Aim 2: Build the OCF classifier. Model evaluation results show that our OCF classifier has 

some generalizability to clinical data and a suitable performance for our future opportunistic 

osteoporosis screening. 

3) Aim 3: Design progress indication methods for deep learning model training. Our experiments 

show that our progress indicator can offer useful information even if the run-time system load 

varies over time and can self-correct its initial estimation errors, if any, over time. 
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Chapter 1. INTRODUCTION 

1.1 BACKGROUND 

Osteoporosis affects 9% of individuals over 50 years old in the US [1] and 200 million women 

globally [2]. In developed countries, one out of three individuals will suffer an osteoporotic 

compression fracture (OCF) in their lifetime [2]. After the first OCF, the risk for subsequent OCFs 

increases greatly [3-5]. Even one OCF can decrease quality of life and increase risk of mortality 

[6]. 

Osteoporosis screening is evidence-based and is endorsed by many organizations, including 

the US Preventive Services Task Force, but remains underutilized. Between 2004 and 2006, more 

than 2/3 of women who should have been screened for osteoporosis were not [7]. From 2006-2010, 

screening of US women with Medicare using dual-energy X-ray absorptiometry decreased by 56% 

[8]. The rate of osteoporosis screening for high-risk men is also low [9]. 

Opportunistic osteoporosis screening, which uses pre-existing imaging to increase 

osteoporosis detection rates, can complement current osteoporosis screening methods and is 

desired to introduce minimum extra cost. Several approaches to opportunistic osteoporosis 

screening have been proposed [10-29]. Many research groups used computed tomography (CT) 

images [10-22], while few used radiographs [23-29]. Radiography is a ubiquitous imaging 

modality used early in diagnostic workup of many conditions with an estimated 183 million exams 

in US hospitals in 2010 [30]. Thus, using radiographs to conduct opportunistic osteoporosis 

screening is as important as using CT and could potentially reach a broader patient population. 

Using radiographs, Lee et al. [23] and Zhang et al. [24] used machine learning algorithms to 

estimate bone mineral density. However, using bone mineral density as a biomarker of 
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osteoporosis detection has known limitations [31, 32]. Spinal OCFs can serve as an additional 

osteoporosis biomarker and are often incidental on chest or abdominal images and frequently 

under-reported, resulting in under-diagnosis and under-treatment [33]. Applying automated 

opportunistic OCF screening to existing imaging studies could result in earlier and more extensive 

osteoporosis identification and treatment. Multiple studies [25-29] have attempted to automatically 

detect OCFs using radiographs. However, these studies had limitations including single center data 

leading to possible overfitting [25-28] and unclear dataset construction processes [29]. 

We ultimately aim to build an automated opportunistic OCF screening tool to detect OCFs 

using the radiographs that contain lumbar and/or thoracic vertebrae. Such radiographs include 

lumbar spine radiographs, thoracic spine radiographs, and chest X-rays. Our opportunistic OCF 

screening tool has three primary sequential components (see Figure 1.1): 1) image segmentation 

and extraction of vertebral bodies; 2) a binary OCF classifier predicting whether each vertebral 

body has a moderate to severe OCF or not; and 3) a subject-level classifier integrating the OCF 

predictions of all vertebral bodies with additional structured data to determine this subject’s OCF 

status. Adequate performance of any clinical test can only be judged in the context of the use case. 

Considering a screening tool for large volumes of studies, a tool with too many false positives 

could unduly burden the health care system. Thus, we prioritize positive predictive value (PPV) 

and specificity of the model rather than sensitivity. 

 

Figure 1.1. Our future automated opportunistic screening tool detecting OCFs on radiographs. 
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In this dissertation, we focus on the second component, the binary OCF classifier (see Figure 

1.1). This component predicts whether an image patch containing a single vertebral body (termed 

vertebral patch) has a moderate to severe OCF or not. Each of the first and the third components 

is a distinct body of work [34]. Recall that the first component is used to automatically extract the 

vertebral patches. Since we do not use the first component in this dissertation, we extract each 

vertebral body using manually annotated corner points. Connecting the three components to build 

the entire automated opportunistic screening tool is one of our future directions. 

To build the OCF classifier, we obtain two spine radiograph datasets with multicenter data: 

the Osteoporotic Fractures in Men (MrOS) Study dataset [35, 36] and the University of 

Washington (UW) dataset [37]. For each of the lumbar and thoracic vertebral bodies in each 

radiograph, we manually annotate its corner points and assign it a fracture label. As manual 

annotation is usually labor-intensive and time-consuming, a well-designed software program can 

aid and expedite the annotation process. This program is required to be configurable for various 

annotation tasks, enable efficient placement of several types of annotations on an image or a region 

of an image, attribute annotations to individual annotators, and be able to display the Digital 

Imaging and Communications in Medicine (DICOM)-formatted [38] images. Multiple annotation 

programs are publicly available for general [39-45] and medical [46-50] images. However, to the 

best of our knowledge, none of them fulfill all of the requirements mentioned above. Additionally, 

some of these programs have limited licensing models that are challenging for a small project 

budget. Therefore, we developed a configurable open-source software program named 

DicomAnnotator [51] to fill this gap for DICOM image annotation. 

A deep learning model is a multi-layer neural network that can extract features from 

unstructured data such as medical images. Since deep learning significantly outperforms other 
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machine learning algorithms for image classification [52], we used deep learning to build our OCF 

classifier. We tried five deep learning algorithms and compared their performance on OCF 

classification. 

The development of deep learning models is often time-consuming on large datasets and 

requires substantial computing resources. Using 50 graphics processing units (GPUs), a Google 

team spent two months training a deep neural network on 300 million images [53]. With 200 

central processing units (CPUs), Weyand et al. [54] took 2.5 months to train a convolutional neural 

network on 126 million photos. With one GPU, Colón-Ruiz et al. [55] spent more than 22 hours 

training a Bidirectional Encoder Representations from Transformers (BERT) model [56] on 

215,063 drug reviews for sentiment analysis. Using a GPU, Guo et al. [57] spent ten hours to train 

a convolutional neural network on approximately 10 million image patches with a resolution of 

28×28 for tumor segmentation. Sufficient computing resources could be difficult for individual 

clinicians or clinical research groups to obtain [58], making deep learning model training more 

time-consuming. As a standard human-computer interaction principle [59], for each task running 

longer than 10 seconds, we need a non-trivial progress indicator (see Figure 1.2) to continuously 

project the remaining task running time and the fraction of the task completed. Thus, progress 

indicators are desirable to make the deep learning model training process more user-friendly. 

 

Figure 1.2. A progress indicator for deep learning model training. 

Progress Indicator 

Convolutional neural network 

  
Time passed  0d 19h 41min 
Estimated remaining time 7d 9h 12min (10% done) 
Estimated cost  17,645,100U 
Model training speed 249U/s Cancel 
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A neural network is trained in one or more epochs, each of which requires going through all 

of the training instances once. Some deep learning software supplies trivial progress indicators 

during model training, e.g., by displaying the number of epochs that have been completed [60] or 

the value of the objective function achieved [61] over time. However, this information is too 

coarse-grained for many purposes. On a large dataset, a large amount of time is needed to go 

through an epoch. Moreover, early stopping is widely used in deep learning model training to help 

avoid overfitting. When early stopping is allowed, the number of epochs needed for model training 

is unknown beforehand but dynamically decided during model training based on a stopping 

criterion [62]. How to support such progress indicators in the presence of early stopping remains 

an open problem. 

1.2 CONTRIBUTIONS 

To fill the gap for DICOM image annotation, in this dissertation we present our annotation 

software program named DicomAnnotator [51]. It is configurable for various annotation tasks, 

enables efficient placement of several types of annotations on an image or a region of an image, 

attributes annotations to individual annotators, and can display DICOM-formatted images. 

We build the OCF classifier [37, 63], the critical component of our future automated 

opportunistic screening tool (see Figure 1.1). Our OCF classifier achieves an area under the 

precision-recall (PR) curve (AUC-PR) > 0.70 and an area under the receiver operating 

characteristic (ROC) curve (AUC-ROC) > 0.90 on both the MrOS and the UW radiograph datasets. 

Performance evaluation of our OCF classifier shows that it has some generalizability to clinical 

data and a suitable performance for our future opportunistic screening tool. 

We introduce the first set of techniques to support non-trivial progress indicators for deep 

learning model training when early stopping is allowed [64]. A follow-up method is further 
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developed to improve the accuracy of progress indication for deep learning model training [65]. 

We implemented our techniques in TensorFlow [66], an open-source deep learning software 

package. With negligible run-time overhead, the resulting progress indicator can provide useful 

information even if the run-time system load varies over time [64] and can self-correct its initial 

estimation errors, if any, over time. Our progress indication methods can handle various 

combinations of the deep learning model, the learning rate schedule (e.g., learning rate decay), and 

the optimization method. 

1.3 DISSERTATION OVERVIEW 

In this dissertation, we have the following three aims: 

1) Aim 1: Develop DicomAnnotator and use it to annotate the datasets. 

2) Aim 2: Build the OCF classifier using deep learning and the annotated datasets. 

3) Aim 3: Design progress indication methods that can support non-trivial progress indicators for 

deep learning model training in the presence of early stopping. 

In Chapter 2, we introduce DicomAnnotator’s modules and features, followed by the usability 

evaluation of DicomAnnotator. 

Chapter 3 describes how to use the annotated datasets and deep learning to build the OCF 

classifier. In this chapter, we introduce the UW and the MrOS datasets, followed by how to pre-

process the radiographs. Then we describe how to train the OCF classifier, followed by the 

performance evaluation of our OCF classifier. 

In Chapter 4, we describe two progress indication methods and show the performance of the 

corresponding progress indicators. 

Chapter 5 summarizes the entire dissertation.  
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Chapter 2. DICOMANNOTATOR: A CONFIGURABLE OPEN-

SOURCE SOFTWARE PROGRAM FOR EFFICIENT 

DICOM IMAGE ANNOTATION 

Modern, supervised machine learning approaches to medical image classification, image 

segmentation, and object detection usually require many annotated images [67, 68]. As manual 

annotation is usually labor-intensive and time-consuming, a well-designed software program can 

aid and expedite the annotation process. Ideally, this program should be configurable for various 

annotation tasks, enable efficient placement of several types of annotations on an image or a region 

of an image, attribute annotations to individual annotators, and be able to display DICOM-

formatted images. No current open-source software program fulfills these requirements. To fill 

this gap, we developed DicomAnnotator [51], a configurable open-source software program for 

DICOM image annotation. This program fulfills the above requirements and provides user-

friendly features to aid the annotation process. In this chapter, we present the design and 

implementation of DicomAnnotator. Using spine image annotation as a test case, our evaluation 

showed that annotators with various backgrounds can use DicomAnnotator to annotate DICOM 

images efficiently. DicomAnnotator is freely available at https://github.com/UW-CLEAR-

Center/DICOM-Annotator under the GPLv3 license. 

In this chapter, we start with the introduction to DicomAnnotator in Section 2.1. Then we 

describe DicomAnnotator’s functional modules and ancillary features in Sections 2.2 and 2.3, 

respectively. In Section 2.4, we describe the usability evaluation of DicomAnnotator. In Section 

2.5, we discuss the strengths, limitations, and future work of DicomAnnotator. Section 2.6 

concludes this chapter. 

https://github.com/UW-CLEAR-Center/DICOM-Annotator
https://github.com/UW-CLEAR-Center/DICOM-Annotator
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2.1 INTRODUCTION 

Modern, supervised machine learning approaches to image classification, segmentation, and object 

detection typically require many annotated images. Sa et al. [67] used 974 annotated X-ray images 

to build a model for intervertebral disc detection. Esteva et al. [68] used 129,450 annotated clinical 

images to construct a model for classifying skin cancers. Performing manual image annotation is 

labor-intensive, tedious, and time-consuming, but often necessary for generating a high-quality 

dataset. Annotators frequently need to place several types of annotations in multiple areas of an 

image. In tasks with ambiguity or subjectivity, multiple experts whose time is expensive need to 

participate in the annotation task to reach consensus, multiplying the effort required for each 

dataset. 

A well-designed software program can expedite image annotation. Ideally, the annotation 

program should meet the following requirements: 

1) Customizable configurations should be available to support diverse annotation tasks. Tasks 

could require using differing types of labels, such as one label for the whole image vs. several 

other labels for the regions of interest in the image. Also, differing shapes might be needed to 

segment the regions of interest in the image. For instance, four corner points can outline a 

vertebral body on a spine image, whereas, a more complex shape would be needed to segment 

a lobulated or irregular mass. 

2) The program should allow efficient placement of several types of annotations on one image, 

such as polygons to outline the regions of interest (termed bounding polygons), labels for the 

regions of interest, and a label for the whole image. 

3) Several labels could be needed for each bounding polygon or region of interest. Consider an 

annotation task dealing with many regions of interest, each with its own identifier (see Figure 
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2.1). For each region, some programs require the annotator to put a bounding polygon on the 

region, select its identifier from a long list, and then input the labels [39, 40]. Instead of having 

this inefficient workflow, an annotation program should support an optimized annotation 

approach, where multiple labels can be efficiently applied to a region of interest. 

    

(A) (B) 

     

(C) (D) 

Figure 2.1. Our approach to annotating multiple regions of interest in an image. 

The subfigures are: (A) the “L5” region identifier is selected, (B) the annotator provides a bounding 

polygon for L5 and then inputs the labels for L5 (no hardware, fractured), (C) the “L4” identifier 

is automatically selected after completing the last labels for L5, and (D) the annotator provides a 

bounding polygon for L4 and then inputs the labels for L4 (no hardware, normal). This process 

continues until image annotation is complete. 

L5 labels: 
1) no hardware 

2) fractured 

L4 labels: 
1) no hardware 
2) normal 
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4) For consensus annotations, the program should track which label was made by which 

annotator. This can facilitate comparing the annotations and computing inter-reader agreement. 

5) Most medical images are of a higher bit depth than the standard 8-bit graphic formats like Joint 

Photographic Experts Group (JPEG) and Graphics Interchange Format (GIF) support. DICOM 

is the standard format encapsulating medical images, patient information, and relevant imaging 

metadata [38]. Within a DICOM file, images are often stored in a high-fidelity state, either 

uncompressed or compressed with lossless and less frequently lossy compression. Depending 

on the modality, the bit depth is often higher than 8-bit. Ideally, a program should allow direct 

viewing of DICOM formatted medical images with window/leveling capabilities to access the 

full bit depth of the original data. Given the high spatial resolution of many medical images, 

additional image manipulation functions like zooming and panning are also useful. 

Multiple annotation programs for general [39-45] and medical [46-50] images are publicly 

available. But, to the best of our knowledge, none of them fulfills all of the requirements mentioned 

above. In addition, some of these programs have limited licensing models that are challenging for 

a small project’s budget. To fill this gap, we developed DicomAnnotator, a configurable open-

source software program for DICOM image annotation. We designed several basic functional 

modules (see Section 2.2) to satisfy the above requirements and four user-friendly features (see 

Section 2.3) to aid and accelerate the annotation process. Although this program is designed for 

annotating DICOM images, it also supports displaying and annotating JPEG, Portable Network 

Graphics (PNG), and Tagged Image File Format (TIFF). 

We built DicomAnnotator in Python 3.7.3 and used the Anaconda3 distribution to manage 

packages. The main packages include PyQt5 for designing the user interface, SimpleITK [69] for 

reading DICOM images, Matplotlib for displaying images, and NumPy for processing arrays and 
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matrices. DicomAnnotator and its installation instructions are available at https://github.com/UW-

CLEAR-Center/DICOM-Annotator. 

2.2 FUNCTIONAL MODULES 

DicomAnnotator was designed to fulfill the requirements mentioned above through a user-

friendly graphical user interface (GUI). We designed several basic functional modules to satisfy 

the requirements. These modules are illustrated below using our spine image annotation task as a 

running example. Given a spine image, our annotators needed to perform five basic annotation 

sub-tasks: 1) assign an osteoporosis category [70] (normal, possible osteopenia, and definite 

osteopenia) to the whole image; 2) outline the vertebral bodies using bounding polygons, which 

are quadrilaterals not necessarily oriented with the x and y axes; 3) determine each vertebral body’s 

anatomic level (e.g., L4, L5, and S1); 4) label whether each vertebral body had any overlying 

artificial structure (e.g., spine hardware, metallic object, or catheter); and 5) score each vertebral 

body using one of several fracture classification systems (e.g., the semi-quantitative criteria [71], 

the algorithm-based qualitative criteria [72], or the modified algorithm-based qualitative (mABQ) 

criteria [73]). In the rest of Chapter 2, we call the labels for the whole image “image labels” and 

the labels for the regions of interest “region labels.” 

The annotation program is divided into five modules: 1) the configuration file, 2) the login 

page, 3) the image viewing module, 4) the annotation module, and 5) the result file. The 

configuration file eases the configuration process, as the annotator can modify the configuration 

file without touching the program’s source code to adapt the program to a new annotation task. 

The login page allows the annotator to enter a username to track the annotator’s annotations. The 

image viewing module supports image displaying, zooming, panning, and windowing/leveling. 
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The annotation module is used for placing annotations on an image. The result file stores the 

annotation results and other information generated during the annotation process. 

As Figure 2.2 shows, the annotator uses the modules sequentially to complete an annotation 

task, although they are integrated into a common user interface. Before running the program for 

the first time, the configuration for the given annotation task is set up in the configuration file. 

After the program starts running, the annotator needs to provide a username on the login page. 

Next, the main page for image viewing and annotation loads. The annotator uses the GUI to 

annotate and navigate through the images in the dataset. Throughout this process, the annotations 

are stored in a result file for later use. 

 
Figure 2.2. The steps to using DicomAnnotator to annotate an image dataset. 

In Sections 2.2.1-2.2.5, we show these modules’ functionality using a radiograph. In Section 

2.2.6, we show how our program can handle CT images. 

2.2.1 Configuration File 

By modifying some attributes in the configuration file, an annotator can adapt the program to a 

new annotation task. For example, in the spine annotation task, one sub-task is to assign an 

osteoporosis label to the whole image. The osteoporosis label has three candidate categories: 

normal, possible osteopenia, and definite osteopenia. In the configuration file, the annotator can 

Annotation 
finishes 

Modifying the 
configuration 

file 

Image 
viewing 

Obtaining 
results from 
the result file 

Annotation 

Handling 
the login 

page 

The program 
starts running 

The main page 
shows up 
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type these categories under the “image label” attribute, which is used to customize the candidate 

categories of an image label. Then when the program runs, these categories will appear on the 

program’s user interface. 

Adjusting some of the attribute values in the configuration file can improve user experience. 

One example is the “zooming speed” attribute, which determines how quickly the image zooms 

in/out when the annotator scrolls the mouse wheel. 

Table 2.1. The main attributes in the configuration file, the attributes’ meanings, and the modules 

affected by the attributes. 

Attribute Meaning 
Affected 

module 

List of region identifiers List of regions needing to be labeled for each image, e.g., 

the anatomic levels (L1, L2, L3…). 

The annotation 

module 

Number of vertices of the 

bounding polygon 

Number of vertices of the polygon that is used to capture 

each region of interest. 

List of region labels Possible values of each region label. Here, the annotator 

provides a two-dimensional array. Each element of this 

array appears on a separate line and contains the possible 

values of a region label. In the spine image annotation 

example, the annotator assigns two types of region labels. 

Accordingly, the array is displayed in two lines. The first 

line lists the possible values of whether any artificial object 

overlays the vertebral body: yes and no. The second line 

lists the possible category values used in a fracture 

classification system like the mABQ criteria [73]. 

Image label Possible values of the image label. 

Input directory Directory from which the program reads the input images. The image 

viewing module 
Zooming speed Determines how fast the image zooms in/out when the 

annotator scrolls the mouse wheel. 

Windowing/leveling 

sensitivity 

Controls the rate at which the window and the level change 

when the mouse moves a unit of length. 

Name/path of the result file  Specifies the file storing the results. The result file 
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Customizing the attributes could affect several functional modules including the annotation 

module, the image viewing module, and the result file. Table 2.1 lists the main attributes in the 

configuration file, the attributes’ meanings, and the modules affected by the attributes. An example 

of modifying the configuration file is given in Section 2.2.6. 

2.2.2 Login Page 

The login page includes a field for an annotator to enter their username. When an annotator makes 

an annotation, the program maps the annotation to the supplied username and records the activity 

in the result file. In this way, the program knows the annotation is made by this annotator. When 

a group of annotators collaborate on an annotation task, this helps the program track which 

annotation is made by which annotator. 

The login page has another function allowing the annotators to quickly set some basic 

configurations. For an annotation task, if only a few configurations need to be specified, directly 

customizing them on the login page is more efficient than editing the configuration file. For 

instance, Figure 2.3 shows the login page for the spine annotation task. The first entry is for the 

annotator to input their username. The next two rows are used to select the configurations: the 

fracture scoring system and the order of the region identifiers shown on the program’s main page. 

When the “START” button is clicked, the program will document the username and open the main 

page. 

 
Figure 2.3. The login page. 
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2.2.3 Image Viewing Module 

The image viewing module supports displaying DICOM images with a high bit depth and 

resolution, regardless of the medical imaging modality. It also supports displaying JPEG, PNG, 

and TIFF images. Figure 2.4 is a screenshot showing how our program displays a DICOM image 

on the main page. The widgets in each panel of Figure 2.4 are explained in the following: 

1) Panel 1: Radio buttons used to select an operation mode. 

2) Panel 2: A group of buttons that allow the user to move between images, remove annotations, 

reset the image display, manually save annotations, and display help text. 

3) Panel 3: Text box showing details about the currently displayed image and the annotation 

process. 

4) Panel 4: Buttons used to set an image to unreadable when it is of low or non-diagnostic quality 

and to horizontally flip the image. 

5) Panel 5: Buttons used to flag/unflag an image for later review and to navigate through the 

flagged images. 

6) Panel 6: Commenting system where comments from any user are displayed and new 

comments can be added. 

7) Panel 7: Indicator of whether new annotations have been stored in the result file. 

8) Panel 8: Canvas displaying an image. 

9) Panel 9: Radio buttons for assigning an image label. 

10) Panel 10: Annotation table which has been configured to apply multiple annotations to each 

region of interest. 

11) Panel 11: Buttons used to toggle off the annotated points in the image and to invert the image’s 

grayscale. 
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12) Panel 12: Text boxes showing the identifiers of the regions that are not assigned the default 

region label like “Normal.” 

 

Figure 2.4. The main page of DicomAnnotator that is divided into 12 panels. 

The image viewing module supports zooming, panning, and windowing/leveling. In Figure 

2.5(B), the target vertebral body (L2) has been enlarged and centered using zooming and panning. 

The image’s contrast and brightness has been adjusted using windowing/leveling. By default, 

zooming is done by scrolling the mouse wheel, panning by holding down the right mouse button 

and moving the mouse, and window/level adjustment by holding down the “shift” button on the 

keyboard and moving the mouse horizontally and vertically to adjust the window and level, 

respectively. The program can record the window and level values adjusted by the annotator in the 

result file, allowing the annotator to view the image with these adjusted values when returning to 

this image. 
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 (A) (B) (C) 

Figure 2.5. Illustration of user’s interaction with the image in the annotation process. 

(A) The target vertebral body for annotation is identified by the user using the default display 

parameters; (B) The display window and level, zooming and panning are employed to optimize 

visualization of the target vertebral body; (C) The boundary of the target vertebral body is marked 

by placing points at its four corners. 

2.2.4 Annotation Module 

The annotation module is used to place bounding polygons, region labels, and image labels. The 

approach to placing bounding polygons and region labels satisfies the third requirement mentioned 

in Section 2.1. We created an annotation table (Panel 10 of the main page) with multiple tabs, each 

representing a region of interest like a vertebral body in the spine annotation task. Before placing 

the bounding polygon and the region labels, the associated tab is highlighted (e.g., S1 is highlighted 

in Figure 2.4). The annotator interacts with the widgets inside the tab to assign the related labels 

and clicks the canvas to place the bounding polygon. 

A bounding polygon is outlined by putting a given number of points on the canvas as the 

polygon’s vertices. Each point is given by clicking a place on the canvas. As shown in Figure 

2.5(C), by clicking the four corners of the vertebral body, the associated points are placed, forming 

a quadrilateral for extracting the vertebral body. 

the target 

vertebral body 

the target 
vertebral body 

the target 
vertebral body 
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Finally, an image label is assigned using Panel 9 (see Figure 2.4). Figure 2.6 shows the final 

annotations of a spine image. 

 

Figure 2.6. The final annotations of an example spine image. 

2.2.5 Result File 

The result file stores the annotation results. It also records certain useful information including the 

username, the window and level values adjusted by the annotator for each image, the annotator’s 

comments (see Section 2.3.2 for the commenting system), and whether each image has been 

annotated. The username tracks which annotator places which annotation. With the window/level 

information, the annotator can review an image with its previously adjusted window and level 

values. The annotator’s comments remind the annotator of the concerns raised during annotation. 

If during the annotation process, the annotator closed and then restarts the program, the recorded 
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information on whether each image has been annotated enables the program to load the first 

unannotated image and resume the annotation process. 

2.2.6 An Example of Modifying the Configuration File 

We give an example of modifying the configuration file for annotating spine CT images, which is 

different from the running example used in Sections 2.2.1-2.2.5. This annotation task requires an 

annotator to annotate lumbar vertebral bodies in a sequence of four sub-tasks: 1) decide each 

vertebral body’s anatomic level; 2) outline each vertebral body by placing four points at the 

vertebral body’s corners and two points in the middle of the vertebral body’s endplates; 3) for each 

vertebral body, check whether it is fractured and whether any artificial object overlays it; 4) for 

the CT image, decide an osteopenia score for the spine based on Saville’s method [74], which used 

five different grades (Grades 0 to 4) to describe various osteopenia severities. Sub-task 2 is to place 

the bounding polygon. Sub-task 3 is to assign labels to each region of interest. Sub-task 4 is to 

provide the image label. 

For this annotation task, we modify the configuration file as shown in Figure 2.7. Figure 2.8 

shows DicomAnnotator’s main page after the annotation task is done. In the configuration file, the 

image_label_description attribute describes the image label and is shown at the top right corner of 

the main page (see Figure 2.8), where the annotator selects an image label. The region_labels 

attribute gives all possible region labels. There, the checkbox sub-attribute shows those possible 

region labels, each of which appears as a separate check box in the annotation table on the main 

page (see Figure 2.8). The radiobuttons sub-attribute shows those possible region labels that are 

listed as radio buttons in the annotation table on the main page (see Figure 2.8). The radiobuttons 

sub-attribute is equivalent to the “list of region labels” attribute listed in Table 2.1. Table 2.1 also 

describes the other attributes shown in Figure 2.7. 
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Figure 2.7. The configuration file for the spine CT image annotation task in JSON format. 

 

Figure 2.8. DicomAnnotator demonstrating display and annotations of an example sagittal 

lumbar spine CT image. 

2.3 ANCILLARY FEATURES 

We use four ancillary features to make the annotation program more user-friendly. First, two 

operation modes, “Edit” and “View Only,” are used to enable and disable the annotation module, 
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respectively. Second, a commenting system allows annotators to leave comments on each image 

during annotation. Third, an automatic window and level adjustment function is used to reduce the 

need to adjust the window and level of an image. Fourth, two functions, one for splitting an image 

set into several parts and the other for merging the result files from multiple annotators, are 

available to help multiple annotators collaborate on the same annotation task. To illustrate these 

features, we still use our spine image annotation task used in Sections 2.2.1-2.2.5 as a running 

example. 

2.3.1 Operation Modes 

Our software has two operation modes. The “Edit” mode allows the annotator to annotate the 

images. The “View Only” mode disables the annotation module, preventing new annotations from 

being put on the images and allowing the annotator to only view the images and the previously 

placed annotations. As Figure 2.9 shows, when the “View Only” mode is chosen, the widgets for 

placing annotations (e.g., the annotation table) are disabled. On the canvas, the function for placing 

the polygon’s vertices is disabled, while image manipulations are still allowed. 

The “View Only” mode is useful when an annotator checks the annotations. Disabling the 

annotation module can avoid unintended modification to the existing annotations, e.g., clicking 

the canvas and accidentally placing an extra point. Depending on whether the annotator is 

annotating the image or checking the annotations supplied by others, our program can 

automatically select a proper mode. If the image is previously annotated by another annotator, the 

program regards the current annotator to be checking the existing annotations and switches to the 

“View Only” mode. Otherwise, the program runs in the “Edit” mode. 
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Figure 2.9. The main page in the “View Only” mode. 

Regardless, annotators can manually switch the mode by selecting one of the radio buttons on 

Panel 1 (see Figure 2.4). When the annotator tries to switch from the “View Only” mode to the 

“Edit” mode, a dialog (Figure 2.10) pops up asking the annotator for confirmation. This further 

reduces the risk of accidentally modifying the existing annotations. 

 

Figure 2.10. The confirmation dialog that is displayed when switching from the “View Only” 

mode to the “Edit” mode. 

2.3.2 Commenting System 

During the annotation process, an annotator could have concerns on issues like the image quality 

and the placement of certain annotations. We embed a commenting system into the program to 
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document the annotator’s thoughts. Panel 6 of Figure 2.4 gives the commenting system’s user 

interface. For each image, comments can be entered in the text box which are saved to the result 

file after the annotator clicks “submit comments.” The commenting system allows different 

annotators to comment on the same image. Figure 2.11 shows how such comments are displayed. 

 

Figure 2.11. An example of comments displayed in the comment panel for an image. 

2.3.3 Automatic Window and Level Adjustment 

To reduce an annotator’s efforts of adjusting the window and level, we embedded an automatic 

window and level adjustment function based on contrast stretching [75]. Given an image, let D 

denote the image’s bit depth. 2D − 1 is the maximum intensity level the image can reach. A patch 

at the center of the image is extracted. The patch’s width and height are 1/4 of the image’s width 

and height, respectively. Let pmax and pmin denote the maximum and minimum intensity levels of 

the patch, respectively. In the regions of interest on the image, we regard most pixels’ intensity 

levels to be within the range of pmin to pmax. For each image pixel, we map its intensity level I to 

 Iʹ = (2D – 1)(I – pmin)/(pmax – pmin).  

This horizontally stretches the image’s histogram, mapping pmin and pmax in the original histogram 

to zero and 2D – 1 in the transformed histogram, respectively. After doing the mapping, some 

pixels’ intensity levels could become > 2D − 1 or < 0. For each intensity level > 2D − 1, we set it 

to 2D − 1. For each intensity level < 0, we set it to 0. 
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2.3.4 Splitting an Image Set and Merging Result Files 

Multiple annotators can use our program to collaboratively annotate a set of images in the 

following way: 

1) Subsets of the image set are made, one per annotator. Each subset of images is put into a 

separate folder. 

2) For each annotator, a copy of the program and the folder containing the assigned images is 

moved into another folder termed the annotation folder. The annotation folder is transferred to 

one of the following locations: 

a. A server accessible by all of the annotators: Each annotator’s folder goes into the 

corresponding home folder. The annotator then logs into their account and uses the 

program to annotate the images. 

b. When each annotator uses their own computer: Electronically send (e.g., SCP, secure FTP, 

and website download) the annotation folder and the instructions for installing the program 

on their own computer. 

c. In a cloud environment (e.g., Amazon Web Services, Google Cloud, and Microsoft Azure): 

The annotation folder is copied to the annotator’s individual cloud instance. The annotator 

could use Virtual Network Computing (VNC), which allows him/her to access the GUI of 

their cloud instance. 

3) Each annotator runs DicomAnnotator and annotates the assigned images. If the annotator uses 

a Linux system, there is a Bash script to start DicomAnnotator with an associated environment 

containing all the necessary dependencies. This gives Linux novices an easy way to run 

DicomAnnotator without having to manage the Python environment and type complex Linux 

commands. 
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4) After the images are annotated, the administrator of the annotation team can obtain and merge 

the annotators’ result files. 

The program offers the functions of splitting the image set into multiple subsets and merging the 

result files from multiple annotators. 

2.4 USABILITY EVALUATION 

2.4.1 Users’ Backgrounds 

To understand the usability of DicomAnnotator, we conducted a usability evaluation on six users 

of various backgrounds. As Table 2.2 shows, half of the users were neuroradiologists. The other 

half were undergraduate and graduate students. These six users had a wide variety of familiarity 

with medical imaging: from no experience to several decades of experience. Before doing the 

annotation, the neuroradiologists had never seen the program. The undergraduate and graduate 

students had used the program to view a small number of images. The number of cases that each 

user reviewed with the program was recorded. 

Table 2.2. Description of each user in the usability evaluation listing their occupation, medical 

imaging experience, and the number of images each annotated. 

User ID Background 
Experience with medical 

imaging (years) 

Number of images 

annotated 

1 Neuroradiologist 5 9 

2 Neuroradiologist 7 9 

3 Neuroradiologist 31 9 

4 Graduate student 0 9 

5 Undergraduate student 0 60 

6 Undergraduate student 0 60 

 

The literature suggests using six users can identify most of the usability problems. Nielsen 

[59] proposed an empirical formula N(1 − (1 − L)m) to estimate the number of usability problems 
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that a group of users can find collectively. Here, N is the total number of usability problems. L is 

the percentage of usability problems a user can find on average. A typical value of L is 31%. m is 

the number of users. This formula indicates that six users can identify ~89% of the usability 

problems. 

2.4.2 Process of Usability Evaluation 

As Figure 2.12 shows, the usability evaluation process had two components: an annotation session 

followed by a survey session. In the annotation session, the six users were asked to annotate spine 

radiographs. DicomAnnotator’s log file was used to analyze the program’s usability. In the survey 

session, we did a web-based survey on these users. 

 

Figure 2.12. The usability evaluation process. 

The program and radiograph DICOM files were used on a server running the Ubuntu 

operating system (16.04.6 LTS). From their personal computer, each user remotely logged into the 

server via a VNC client to do the annotation tasks. Before the annotation session, we created a user 

account for each user on the server and gave each user a Bash script to run the program. 

During the annotation session, the users performed several annotation tasks including: 1) 

assigning an osteoporosis category to the whole image; 2) identifying the four corners of each 

visible thoracic/lumbar vertebral body; 3) determining each vertebral body’s anatomic level; 4) 

identifying any overlying artificial structure; 5) using the mABQ criteria to score each vertebral 

body [73]; 6) identifying unreadable radiographs due to the wrong study type (cervical spine, chest, 

Annotation session 

Survey session 

Round 1 Round 2 
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abdominal, or pelvic radiographs), a non-lateral image, or low image quality; and 7) identifying 

incorrect orientation of the image and flipping it as needed to ensure the patient faces to the left of 

the screen. 

As Figure 2.12 shows, the annotation session included two rounds. The first round used nine 

radiographs. After being introduced to the program, each of the three radiologists and the graduate 

student did all of the tasks on the nine radiographs. The second round used two different sets of 

radiographs: the first with 20 radiographs and the second with 40 radiographs. After being oriented 

to the program and some basic spine anatomy, two undergraduate students with no prior experience 

in medical imaging did tasks 2, 3, 4, 6, and 7. Each of these two students practiced on the first set 

of radiographs and then formally annotated the second set of radiographs. In each of the two 

rounds, each user was given two weeks to do the assigned tasks at their own pace. The data logged 

by the program were used to estimate the average amount of time the user spent on a radiograph. 

In the second round, the 20 radiographs used for practice were unused for estimating the average 

amount of time the user spent on a radiograph. 

In the survey session, we used Google Forms to do a web-based survey to understand the 

users’ thoughts on the program. We used the usability factors defined in DeVito Dabbs et al. [76] 

to design our survey questions. The usability factors and the survey questions are listed in Table 

2.3. Each of the first seven questions measures a distinct usability factor. The last open-ended 

question is used to gather additional user feedback. In Question 4, if a user chose one or more 

errors, we asked the user to also list the errors in a text box. 
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Table 2.3. These survey questions were used to determine the usability of DicomAnnotator 

across a variety of factors. 

Sequence number 

of the question 

Usability 

factor 
Question 

1 Learnability Initially, how easy was it to learn to use the program and its 

functions? Ratings are on a 1-5 scale with anchors of 

difficult/easy. 

2 Effectiveness Does the program include all of the functions you need for 

completing your image annotation task? Ratings are on a 1-5 scale 

with anchors of not at all/everything I needed. 

3 Efficiency Did the program help you annotate the images efficiently? 

Ratings are on a 1-5 scale with anchors of inefficient/efficient. 

4 Errors When using the program, how many times did you encounter 

severe errors such as software crash, software having no response, 

and annotation not stored? The choices for the response are 0, 1-

3, 4-10, 11-20, and 20+. 

5 Flexibility Does the program give enough shortcuts and ways of access (e.g., 

window/level, pan, and navigating images) for the annotation 

task? Ratings are on a 1-5 scale with anchors of cumbersome or 

hard to use functions/fast and easy access to all of the functions. 

6 Memorability Are the program's features and functions easy to remember? 

Ratings are on a 1-5 scale with anchors of hard/easy. 

7 User 

satisfaction 

Overall, are you satisfied with the program? Ratings are on a 1-5 

scale with anchors of unsatisfied/satisfied. 

8  Please provide comments, thoughts, or features that you wish 

DicomAnnotator to have, if any, in the text box below. 

 

2.4.3 Results of Usability Evaluation 

Average amount of time to annotate a radiograph 

Table 2.4 lists each user’s average amount of time to annotate a radiograph, as well as the 

mean and the standard deviation of these numbers in each round in the annotation session. The 

undergraduate students (users 5 and 6) did only some, but not all of the annotation tasks assigned 

to the neuroradiologists (users 1-3) and the graduate student (user 4). As tasks take different 

amounts of time to complete, there is no basis to directly compare the average amount of time the 
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undergraduate students spent on annotating a radiograph with that of the neuroradiologists and the 

graduate student. 

Table 2.4. A summary of each user’s average amount of time needed to annotate a radiograph. 

User ID 
Average amount of time to 

annotate a radiograph (seconds) 

Mean (standard deviation) of the 

average amount of time needed to 

annotate a radiograph (seconds) 

1 243.1 

284.1 (43.7) 
2 275.4 

3 345.9 

4 271.8 

5 91.8 
82.8 (12.7) 

6 73.8 

 

Survey results 

For each round in the annotation session and each of the survey questions 1, 2, 3, 5, 6, and 7, 

Table 2.5 shows the mean and the standard deviation of the ratings the users gave in their responses 

to the question, as well as the p-value of the t-test that checks whether these two rounds have the 

same mean of the ratings. The survey questions used to assess the usability factors are listed in 

Table 2.3. Note that results of survey question 4 are not included in Table 2.5 because survey 

question 4 uses a list of ranges which are difficult to summarize with a single mean and standard 

deviation. 

In Question 4, five users reported encountering no severe error in the program. One user in 

the second round of the annotation session reported running into severe errors 4-10 times. In 

particular, the user reported errors running the Bash script to start the program, and said that every 

time they was able to get around by copying the commands from the Bash script to the terminal 

and running them one by one to start the program. Thus, it is likely that either that copy of the 
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Bash starting script contained some errors or the user used the Bash script incorrectly, rather than 

the errors being attributable to DicomAnnotator. This behavior has not been reproduced and no 

other users have since complained of this problem. 

Table 2.5. A summary of the ratings for the survey questions in the first round and second round 

of the annotation session, and the p-values to describe the difference in the mean of the ratings 

between these two rounds. 

Sequence 

number of the 

question 

Usability factor Mean (standard 

deviation) of the ratings 

given by the users in the 

first round of the 

annotation session 

Mean (standard 

deviation) of the ratings 

given by the users in the 

second round of the 

annotation session 

p-

value 

1 Learnability 4.50 (0.58) 3.00 (1.41) 0.39 

2 Effectiveness 5.00 (0.00) 4.50 (0.71) 0.50 

3 Efficiency 4.75 (0.50) 3.50 (0.71) 0.15 

5 Flexibility 4.50 (0.58) 4.00 (1.41) 0.71 

6 Memorability 4.75 (0.50) 4.00 (1.41) 0.60 

7 User satisfaction 4.75 (0.50) 4.00 (1.41) 0.60 

 

The users’ comments to Question 8 include: 1) “This is an excellent piece of software that is 

intuitive and remarkably stable;” 2) “Windowing/leveling remains somewhat challenging;” 3) “I 

wish that there was a brightness/contrast bar to adjust the images instead of having to press down 

on shift and move your mouse a certain way, because it's not very straightforward to know which 

way to shift the mouse at which angle to adjust the brightness.” The first two comments came from 

the users in the first round of the annotation session. The third comment came from a user in the 

second round of the annotation session. 

2.5 DISCUSSION 

Our annotation program fulfills the requirements mentioned in Section 2.1 and offers several user-

friendly features. The usability evaluation’s annotation session showed that without previously 
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using the program, users of various backgrounds can use our program to quickly annotate medical 

images with multiple types of labels. This demonstrates that the program is easy to learn and 

efficient to use. The survey results showed that most users thought our program is easy to learn, 

effective, efficient to use, and flexible. They agreed the program’s features and functions are easy 

to remember. Overall, they were satisfied with our program. One user reported running into severe 

errors. Yet, after working with the user, we found the errors are likely not due to the program. As 

there are no contradictory user complaints, we consider the program to be stable. 

Based on the users’ feedback, we optimized the program. Two users requested additional 

options for controlling window and level settings. One of these two users suggested 

brightness/contrast bars. Yet, after discussing with the other users, we reached the consensus that 

using brightness/contrast bars is inefficient. If the brightness/contrast bars were used, an annotator 

would need to frequently move their mouse cursor between the brightness/contrast bars and the 

program’s annotation area (the main page’s canvas or annotation table). To avoid this inefficiency, 

we give the user multiple ways to adjust the window and level: 1) hold down the “shift” key and 

move the mouse horizontally and vertically to adjust the window and level, respectively; and 2) 

on the keyboard, press “a” or “d” to increment or decrement the window setting and “w” or “s” to 

increment or decrement the level setting. 

There are several interesting areas for future work. The program is currently optimized for 

displaying single images. The tasks for annotating video or stacks of cross-sectional data could 

require other types of annotations, like assigning labels on the entire video or stack of images from 

a cross-sectional series. This would require new functionality to be built into the program. 

Moreover, some annotation tasks could require a specific shape or aspect ratio of the bounding 
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polygon like a rectangle. New functions for constraining the bounding polygon’s shape can be 

built into the program. 

2.6 CONCLUSION 

Conducting medical image classification, image segmentation, and object detection usually 

requires many annotated images. To reduce the burden of manual annotation, we designed 

DicomAnnotator, a DICOM image annotation program. It integrates multiple functional modules 

to meet several annotation requirements and provides four ancillary user-friendly features. The 

program is easy to learn, is efficient to use, and allows annotators to quickly make several types 

of annotations on a large set of DICOM images. 
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Chapter 3. DEEP LEARNING CLASSIFICATION OF SPINAL OCFS 

ON RADIOGRAPHS 

Osteoporosis is a debilitating disease [1-6]. Spinal OCFs can serve as an early biomarker for 

osteoporosis but are often subtle, incidental, and under-reported. To ensure early diagnosis and 

treatment of osteoporosis, we aim to build a deep learning vertebral body classifier for OCFs as a 

critical component of our future automated opportunistic screening tool. 

We retrospectively assemble two radiograph datasets containing lateral thoracic and lumbar 

spine radiographs: the UW dataset [37] and the MrOS dataset [35, 36]. Using both datasets, five 

deep learning algorithms were trained to classify each individual vertebral body of spine 

radiographs. Classification performance was compared for the trained models using multiple 

metrics including the AUC-ROC, AUC-PR, sensitivity, specificity, and PPV. 

Our best model achieved an AUC-ROC of 0.948 and 0.936 on the UW dataset’s test set and 

the MrOS dataset’s test set, respectively. It achieved an AUC-PR of 0.730 and 0.811. After setting 

the cutoff threshold to prioritize PPV, this model achieved a sensitivity of 54.5% and 47.8%, a 

specificity of 99.7% and 99.6%, and a PPV of 89.8% and 94.8%. 

Our model achieved an AUC-ROC > 0.90 and AUC-PR > 0.70 on both datasets. This testing 

shows some generalizability to clinical data and a suitable performance for our future opportunistic 

osteoporosis screening tool. 

The rest of the chapter is organized as follows. Section 3.1 briefly reviews the background 

and objectives of this study. More details of the background have been given in Section 1.1. 

Section 3.2 introduces the two radiograph datasets. Section 3.3 describes the data pre-processing 

steps. Section 3.4 describes the details of model training. Section 3.5 describes the details of model 

evaluation and reports the evaluation results. Section 3.6 discusses our observations to the model 



34 

 

 

evaluation results, the related work, the limitations of our model, and the future work. Section 3.7 

concludes this chapter. 

3.1 INTRODUCTION 

Osteoporosis is a debilitating disease [1-6]. Osteoporosis screening is evidence-based and is 

endorsed by many organizations, including the US Preventive Services Task Force, but remains 

underutilized [7-9]. Opportunistic osteoporosis screening, which uses pre-existing imaging, can 

complement current osteoporosis screening methods while introducing minimum extra cost. Since 

radiography is a ubiquitous imaging modality [30], using radiographs to conduct opportunistic 

osteoporosis screening could potentially reach a broader patient population. Spinal OCFs can serve 

as an osteoporosis biomarker and are often incidental on chest or abdominal images and frequently 

under-reported, resulting in under-diagnosis and under-treatment [33]. Applying automated 

opportunistic OCF screening to existing radiographs could result in earlier and more extensive 

osteoporosis identification and treatment. Multiple studies [25-29] have attempted to automatically 

detect OCFs using radiographs. However, these studies had limitations including single center data 

leading to possible overfitting [25-28] and unclear dataset construction processes [29]. 

We ultimately aim to build an automated opportunistic screening tool to detect OCFs using 

the radiographs that contain lumbar and/or thoracic vertebrae. Our opportunistic screening tool has 

three primary sequential components (see Figure 1.1): 1) image segmentation and extraction of 

vertebral bodies; 2) a binary OCF classifier predicting whether each vertebral body has a moderate 

to severe OCF or not; and 3) a subject-level classifier integrating the OCF predictions of all 

vertebral bodies with additional structured data to determine this subject’s OCF status. Considering 

a screening tool for large volumes of studies, a tool with too many false positives could unduly 
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burden the health care system. Thus, we prioritized PPV and specificity of the model rather than 

sensitivity. 

In this dissertation, we focus on the second component, the binary OCF classifier (see Figure 

1.1), whose inputs are vertebral patches extracted from radiographs. Recall that the first component 

is used to automatically extract the vertebral patches. Since the first component is a distinct body 

of work [34] and is not our focus in this dissertation, we extracted each vertebral body using 

manually annotated corner points. 

We used two spine radiograph datasets with multicenter data: 1) the UW dataset assembled 

from multiple clinical sites across the UW Medical Center [37] and 2) the MrOS dataset [35, 36]. 

These two datasets contain lateral thoracic and lumbar spine radiographs. To detect OCF on each 

vertebral patch, we used deep learning, the state-of-the-art technique for image classification. Our 

objective is to build a performant and generalizable OCF classifier with an AUC-PR > 0.70 and 

an AUC-ROC > 0.90 on the multicenter data mentioned above. 

3.2 DATASETS 

We obtained two datasets containing lateral thoracic and lumbar spine radiographs: the clinically 

derived UW dataset [37] and the research MrOS dataset [35, 36]. The UW dataset contains clinical 

data acquired in varied clinical settings for diagnostic purposes. The MrOS dataset was generated 

for research and includes only male subjects, and thus has lower diversity than the UW dataset. To 

make the deep learning models performant on clinical data, we typically used the UW dataset to 

fine-tune the models. Both datasets were used to test the models. 

Retrieval of the UW dataset was covered under the local retrospective institutional review 

board (IRB) for Diagnosis Radiology Images Deep Learning Project with a waiver of informed 
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consent. For the MrOS dataset, at each medical center, a local IRB approved the MrOS study. All 

MrOS participants gave written informed consent at the time of the study. 

We describe the UW dataset and the MrOS dataset in Sections 3.2.1 and 3.2.2, respectively. 

Section 3.2.3 provides a summary of the datasets. 

3.2.1 UW dataset 

UW dataset’s construction 

The UW dataset contains clinical data acquired in varied clinical settings for diagnostic 

purposes. The spine radiographs in this retrospective dataset were acquired from 2000 to 2017 at 

multiple clinical sites (inpatient, outpatient, and emergency) across the UW medical center. The 

mean ages (±standard deviation) of female and male subjects were 75±8 years and 75±9 years, 

respectively. 

The UW dataset was constructed as Figure 3.1 shows. zVision (Intelerad; Montreal, Canada), 

a radiology information search tool, queried the radiology information system (RIS) to identify 

subjects and exams fitting the inclusion criteria. A natural language processing (NLP) system 

called LireNLPSystem [77] analyzed each exam’s radiology report to roughly determine whether 

it described a fracture. The NLP result for each exam’s radiology note served as a weak label for 

this exam. These weak labels could help roughly balance the training set. Radiographs of the 

subjects that satisfied the inclusion criteria were retrieved from the picture archiving and 

communication system (PACS). From the retrieved radiographs, we randomly selected 1,200 

subjects and a single radiograph of each subject to form the validation and test sets. From these 

1,200 radiographs, 879 were randomly assigned to form the test set and the remaining 321 were 

assigned to the validation set. To avoid overlap between the training set and the other two sets, the 

radiographs in the training set were sampled from the 13,667 radiographs excluding those of the 
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1,200 subjects that had been selected for the validation and test sets. To form the training set, 778 

radiographs were sampled. To improve the balance of the training set, 75% of the radiographs 

were randomly sampled from the ones labeled as “fracture” by NLP. The remaining radiographs 

were randomly sampled from the ones labeled as “no fracture” or “not mentioned” by NLP. 

Finally, the UW dataset was annotated. Further data pre-processing and augmentation steps 

(including other data balancing steps) are introduced in Section 3.3. 

Two other researchers reviewed each radiograph to guarantee that they were de-identified and 

contained no protected health information. All radiographs were originally in the DICOM format. 

The DICOM tags, which could contain protected health information, were removed by converting 

the DICOM radiograph to a TIFF image. 

UW dataset’s annotation 

On each radiograph in the UW dataset, we annotated each vertebral body’s four corner points 

and severity of OCF using DicomAnnotator [51] (see Chapter 2). Multiple groups participated in 

the process of annotating the corner points of each vertebral body. The OCF severity of each 

vertebral body was annotated using the modified-2 algorithm-based qualitative (m2ABQ) criteria 

[78], a revised version of the mABQ criteria [73]. Five individuals annotated OCF severity of each 

vertebral body, including three faculty radiologists (27, 17, and 10 years of experience, 

respectively), one neuroradiology fellow (7 years of experience), and one biomedical informatics 

graduate student. This process consisted of 17 rounds. We randomly split the UW dataset into 17 

subsets. In the first eight rounds, at least two individuals annotated each radiograph. For each of 

these first eight rounds, we computed Fleiss’ kappa and Cohen’s kappa to measure the inter-reader 

agreement, as well as held a consensus meeting to discuss the disputed annotations. In the last nine 
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rounds, each radiograph was annotated by one annotator. More details about the UW dataset 

annotation are presented in another paper [78]. 

Classification systems and radiologists struggle to accurately classify mild (or subtle) OCFs, 

which are often confounded by parallax artifact, remote traumatic injuries, and congenital 

variations [73]. Our future opportunistic screening tool is intended to complement the current 

clinical standard of care while introducing a minimum of extra cost. Including mild OCFs into our 

classification system could substantially increase false positives, which would cause more 

downstream cost. Our use case, to alert or not alert a provider or a radiologist to a potentially 

missed fracture, required a binary classification, defined as highly probable OCF vs normal/non-

osteoporotic deformity/mild or questionable fracture. Therefore, we dichotomized the m2ABQ 

categories: “label 0” representing normal/non-osteoporotic deformity/mild or questionable 

fracture vs. “label 1” representing moderate or severe fracture. 

UW dataset’s partitioning 

The UW dataset was partitioned into the training, validation, and test sets. As shown in Figure 

3.1, the training set was balanced for better model training. In contrast, we kept the class 

distributions of the validation and test sets consistent with those in the original population. The 

number of subjects in each of the training and test sets was determined by striking the balance 

between obtaining a large set and reducing manual annotation time. A large set is more likely to 

contain diverse data. Thus, a large training set can reduce model overfitting. A large test set can 

ensure accurate measures of model performance. However, since manual annotation is time-

consuming, we could not wait to train and test our models after annotating a very large number of 

radiographs. 
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Figure 3.1. Construction of the UW dataset and partitioning it into the training, validation, and 

test sets. 
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UW dataset’s demographic information and other metadata 

Table 3.6 shows the UW dataset’s metadata, including age, sex, race, ethnicity, radiograph 

generation year, and X-ray system vendor. We show the metadata for the training, validation, and 

test sets of the UW dataset, as well as the entire UW dataset. The age data were retrieved from the 

RIS. The sex data were obtained from the DICOM metadata of the radiographs. The race and 

ethnicity data were retrieved from the electronic health record system. A subject could have 

multiple exams, which might not be from the same year. Consequently, multiple ages could be 

recorded for a subject. In each set, for every range of ages, we reported the number of recorded 

ages rather than the number of subjects. If a subject had multiple ages recorded, all of them were 

used to calculate the mean and the standard deviation. 

Table 3.6. Metadata for the training, validation, and test sets of the UW dataset, as well as the 

entire UW dataset. 

 Training set Validation set Test set Entire UW dataset 

     

 Number (percentage) of recorded ages  

Age at exam     

65-74 395 (53.2%) 181 (59.0%) 479 (56.6%) 1,055 (55.7%) 

75-84 234 (31.6%) 84 (27.4%) 255 (30.1%) 573 (30.2%) 

85-94 98 (13.2%) 32 (10.4%) 102 (12.0%) 232 (12.2%) 

≥95 15 (2.0%) 10 (3.2%) 11 (1.3%) 36 (1.9%) 

     

 Number 

Total recorded ages 742 307 847 1,896 

     

 Mean ± standard deviation of ages in years 

Female 76 ± 9 75 ± 9 75 ± 8 75 ± 8 

Male 75 ± 9 75 ± 9 75 ± 9 75 ± 9 

All 75 ± 9 75 ± 9 75 ± 9 75 ± 9 

     

 Number (percentage) of subjects 

Sex     

Female 339 (53.3%) 172 (56.0%) 467 (55.1%) 978 (54.6%) 

Male 296 (46.5%) 135 (44.0%) 379 (44.8%) 810 (45.3%) 

Not recorded 1 (0.2%) 0 (0%) 1 (0.1%) 2 (0.1%) 

Continued on next page 
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Race      

American Indian and Alaska Native 2 (0.3%) 2 (0.7%) 6 (0.7%) 10 (0.6%) 

Asian 68 (10.7%) 37 (12.0%) 72 (8.5%) 177 (9.9%) 

Black or African American 39 (6.2%) 20 (6.5%) 51 (6.0%) 110 (6.1%) 

Native Hawaiian and Other Pacific Islander 2 (0.3%) 1 (0.3%) 3 (0.4%) 6 (0.3%) 

White 474 (74.5%) 220 (71.7%) 654 (77.2%) 1348 (75.3%) 

Multiple races 49 (7.7%) 25 (8.1%) 57 (6.7%) 131 (7.3%) 

Not recorded 2 (0.3%) 2 (0.7%) 4 (0.5%) 8 (0.4%) 

Ethnicity      

Hispanic or Latino 9 (1.4%)  5 (1.6%) 16 (1.9%) 30 (1.7%) 

Not Hispanic or Latino 189 (29.7%)  138 (45.0%) 358 (42.3%) 685 (38.3%) 

Not recorded 438 (68.9%)  164 (53.4%) 473 (55.8%) 1,075 (60.0%) 

      

 Number 

Total subjects 636  307 847 1,790 

      

 Number (percentage) of radiographs 

Radiograph generation year      

2000-2005 127 (17.1%)  49 (15.9%) 113 (13.3%) 289 (15.2%) 

2006-2011 354 (47.7%)  135 (44.0%) 405 (47.8%) 894 (47.2%) 

2012-2017 261 (35.2%)  123 (40.1%) 329 (38.9%) 713 (37.6%) 

X-ray machine vendor      

Canon 5 (0.7%)  0 (0%) 5 (0.6%) 10 (0.5%) 

DeJarnette Research Systems 48 (6.5%)  21 (6.8%) 48 (5.7%) 117 (6.2%) 

Fujifilm 378 (50.9%)  157 (51.2%) 427 (50.4%) 962 (50.8%) 

General Electric 202 (27.2%)  74 (24.1%) 232 (27.3%) 508 (26.8%) 

Philips 104 (14.0%)  50 (16.3%) 127 (15.0%) 281 (14.8%) 

Hybrid General Electric and Fujifilm 5 (0.7%)  5 (1.6%) 8 (1.0%) 18 (0.9%) 

      

 Number 

Total radiographs 742 307 847 1,896 

 

3.2.2 MrOS dataset 

MrOS dataset’s construction 

The MrOS dataset was previously described in Orwoll et al. [35]. The MrOS study collected 

clinical and laboratory imaging data from six US academic medical centers in Birmingham AL, 

Minneapolis MN, Palo Alto CA, Pittsburgh PA, Portland OR, and San Diego CA. This study 

recruited 5,994 males aged 65 and older. The data were collected at the initial visit (Visit 1) and 

the follow-up visit (Visit 2) average 4.5 years later. 
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We obtained a de-identified copy of this dataset under a data use agreement with the San 

Francisco Coordinating Center. After cleaning the dataset, we finally obtained 4,461 subjects with 

8,915 radiographs from Visit 1 and 3,309 subjects with 6,609 radiographs from Visit 2. From both 

visits, we obtained 100,409 vertebral bodies consisting of 69,453 lumbar vertebral bodies and 

30,956 thoracic vertebral bodies. 

MrOS dataset’s original annotation 

Cawthon et al. [79] had previously annotated the MrOS dataset to 1) identify the margin of 

each vertebral body and 2) assign it an OCF label based on a modification [79] of the Genant semi-

quantitative (mSQ) criteria [71]. To outline each vertebral body in each radiograph, four corners 

of this vertebral body and two midpoints of the superior and inferior endplates were pinpointed. 

The numbers of thoracic and lumbar vertebral bodies in each mSQ class are listed in another paper 

[63]. 

To determine OCFs, the mSQ criteria require the presence of endplate depression, making 

these criteria closer to the mABQ criteria [73]. To adapt to our binary OCF classification, the mSQ 

categories were simplified into two classes (“label 0” representing moderate or severe fracture vs. 

“label 1” representing normal/trace/mild fracture) [63]. This is similar to the m2ABQ 

simplification discussed in Section 3.2.1. 

MrOS dataset’s partitioning 

The MrOS dataset was partitioned into the training, validation, and test sets by subject. The 

radiographs from one subject only appear in one of the three sets. We randomly selected 76.5%, 

8.5%, and 15% of the subjects to form the training, validation, and test sets, respectively (see 

Figure 3.2). The percentage used to form the validation instances was set smaller than usual (e.g., 
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10% or 20%) due to the class imbalance of the dataset. For effective training, the training set 

needed subsampling to correct the class imbalance between label 1 and label 0 (see Figure 3.2). 

To preserve the class distribution of the original population and to most closely evaluate real world 

performance, no corrections of the imbalance in the validation and test sets were performed. A 

smaller validation set allowed for a larger training set, even after downsampling the majority class 

in the training set. In the training set, data instances of label 0 were randomly sampled at a ratio of 

2.5:1 (label 0 : label 1) to better balance the two classes. The ratio of 2.5:1 was determined in an 

earlier experiment, in which different ratios were tried and we chose the ratio to maximize the 

AUC-PR on the validation set. 

MrOS dataset’s extra annotation using the m2ABQ criteria 

For a model built using the UW dataset, we can test this model’s generalizability using the 

MrOS dataset. Recall that the UW dataset was annotated using the m2ABQ criteria (see Section 

3.2.1). To test the generalizability of the models built using the UW dataset, we further used the 

m2ABQ criteria to annotate some radiographs in the MrOS dataset. From the MrOS dataset’s test 

set, we randomly selected 122 radiographs containing 844 vertebral bodies. Each radiograph was 

assigned an m2ABQ label using DicomAnnotator [51] (see Chapter 2). 

MrOS dataset’s demographic information 

Table 3.7 shows the characteristics of the subjects in the entire, training, validation, and test 

sets of the MrOS dataset. Recall that the MrOS dataset is imbalanced with far more vertebral 

bodies with label 0 than vertebral bodies with label 1. To balance the training set, vertebral bodies 

with label 0 were downsampled. Both the characteristics of the subjects in the training set before 

downsampling and those in the training set after downsampling are shown in Table 3.7. The mean 
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(standard deviation) of the ages and body mass indices were recorded at the baseline (Visit 1) and 

the follow-up (Visit 2) visits. Race and ethnicity and the total number of subjects are also provided 

for each set. 

 

Figure 3.2. The MrOS dataset was divided into the test, validation, and training sets by subject. 
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Table 3.7. Demographic information of the subjects in each of the entire, training, validation, and 

test sets from the MrOS dataset. 

 

Training set before 

downsampling the 

data instances with 

label 0 

Training set after 

downsampling the 

data instances with 

label 0 

Validation 

set 
Test set 

Entire 

dataset 

      

 Mean ± standard deviation 

Age at Visit 1 73.7±5.9 73.7±5.8 74.1±6.2 73.5±5.7 73.7±5.9 

Body mass index at Visit 1 27.8±3.9 27.9±4.0 27.2±3.5 27.6±3.5 27.4±3.8 

Age at Visit 2 77.8±5.6 77.9±5.6 77.9±5.6 77.5±5.4 77.7±5.6 

Body mass index at Visit 2 27.3±3.9 27.3±4.0 27.4±4.0 27.3±3.9 27.3±3.9 

  

 Percentage 

Race/ethnicity      

American Indian or Alaska Native 0.8% 0.7% 1.8% 1.2% 0.9% 

Asian  3.2% 2.5% 3.1% 3.7% 3.2% 

Black or African American 4.2% 3.0% 5.4% 3.1% 4.2% 

Hispanic or Latino 2.0% 2.0% 2.8% 2.2% 2.1% 

Native Hawaiian or Other Pacific Islander 0.2% 0.3% 0.8% 0.1% 0.2% 

White 89.6% 91.5% 86.1% 89.7% 89.4% 

      

 Number 

Total subjects 5,016 1,874 392 681 6,089 

 

3.2.3 Summary 

We obtained two datasets containing lateral thoracic and lumbar spine radiographs: the clinically 

derived UW dataset and the research MrOS dataset. The UW dataset contains clinical data acquired 

in varied clinical settings for diagnostic purposes. The MrOS dataset was generated for research 

and includes only male subjects, and thus has lower diversity than the UW dataset. To make the 

deep learning models performant on clinical data, we typically used the UW dataset to fine-tune 

the models. Both datasets were used to test the models. 

Each vertebral body in each dataset has four corner points pinpointed, which were used to 

manually extract the vertebral patch (see Section 3.3). The UW dataset was annotated using the 

m2ABQ criteria. The MrOS dataset was originally annotated using the mSQ criteria. We further 
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randomly sampled some radiographs from the MrOS dataset’s test set and annotated them using 

the m2ABQ criteria. Table 3.8 shows the number of vertebral bodies for each (dataset, OCF 

classification criteria) combination. In the rest of this chapter, each of these combinations is 

denoted by “dataset-classification criteria.” For example, MrOS-m2ABQ denotes the dataset 

whose data are from the MrOS dataset and are annotated using the m2ABQ criteria. 

Table 3.8. The number of vertebral bodies for each (dataset, OCF classification criteria) 

combination. 

 UW dataset MrOS dataset 

 Training set Validation set Test set Total Training set Validation set Test set Total 

m2ABQ 5,968 2,394 6,688 15,050 0 0 844 844 

mSQ NA 76,748 8,484 15,177 100,409 

 

3.3 DATA PRE-PROCESSING AND AUGMENTATION 

This section presents the image pre-processing and augmentation steps. First, we wanted to extract 

the vertebral patches from the radiographs. Each input data instance for our OCF classifier was a 

vertebral patch. Since the automated image segmentation tool is under development, each vertebral 

patch in this research was extracted using the manually annotated corner points of the 

corresponding vertebral body. Second, we attempted to control the heterogeneity among the 

vertebral patches to a moderate range. Excessive heterogeneity in the dataset can confound deep 

learning models when extracting relevant features, while too little heterogeneity could result in 

poor generalizability of the trained model. As Figure 3.3 shows, the general steps of image pre-

processing and augmentation are listed in the following: 

1) Flip the radiograph horizontally to conform to the convention that the subject faces left. 

2) Form two coordinate axes with the x-axis bisecting the angle between the two diagonals 

connecting the four corner points. 
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3) Obtain the smallest square that bounds the four corner points with edges parallel to the 

corresponding coordinate axes. 

4) Expand the square from its center to increase the area by four times, preventing cutoff of part 

of the vertebral body and providing surrounding image context. 

5) Augment the vertebral patch by scaling, rotating, and translating the square. 

6) Extract the square as a vertebral patch. 

7) Invert the grayscale if the bones are darker than the background. 

8) Augment the vertebral patch by changing the contrast and brightness and adding Gaussian 

noise to the vertebral patch. 

9) Resize the vertebral patch to 224×224 pixels and normalize each pixel value by subtracting the 

mean and then dividing by the standard deviation [52]. 

Image augmentation is a ubiquitous approach to increase the trained model’s performance by 

creating subtly modified data instances for the model to be trained on. By definition, image 

augmentation was applied to only the training set. Among all steps shown in Figure 3.3, Steps 5 

and 8 are image augmentation procedures applied to only the training set, while the other steps are 

image pre-processing steps applied to each of the training, validation, and test sets. Our code for 

image pre-processing and augmentation was uploaded to https://github.com/UW-CLEAR-

Center/Preprocessing_for_Spinal_OCF_Detection_Multi_Datasets. In the following, we describe 

the details of these image pre-processing and augmentation steps. 
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Figure 3.3. This process of generating a vertebral patch was performed for each vertebral body 

labeled in a radiograph using the four corner points indicated by red stars. The blue and purple 

arrows demonstrate the creation of the vertebral patches without and with the augmentation 

steps, respectively. 

In each vertebral patch, we controlled the variation of three features: 1) the vertebral body’s 

position; 2) the percentage of the vertebral patch’s area occupied by the vertebral body; and 3) the 

vertebral body’s tilt angle. The aspect ratio of each vertebral body was fixed after extracting it. 

Initially, horizontally flipping was performed if needed, to conform to the convention that the 

subject faces left (see Step 1 of Figure 3.3). To extract a vertebral body, the four manually 

annotated corner points were used to generate two diagonals. We built two coordinate axes with 

the x-axis bisecting the angle between the two diagonals connecting the four corner points (see 

UW 
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Step 2 of Figure 3.3). The angle between this bisector and the x-axis of the vertebral patch defined 

the vertebral body’s tilt angle. To keep the extracted vertebral body’s aspect ratio constant, we 

bounded the vertebral body by a square fulfilling two requirements: 1) one side of the square is 

perpendicular to the aforementioned bisector; and 2) the square is the smallest square with none 

of the four corner points lying outside of it. Requirement 1 guarantees that the vertebral body is 

not tilted inside the square. Requirement 2 assures that the vertebral body is at the center of the 

square. This smallest square cannot always bound the whole vertebral body because of osteophytes 

and parallax. To avoid accidental cropping of the vertebral body and to provide surrounding image 

context during the extraction step, we expanded this smallest square around its center to enlarge 

its area by four times. If the enlarged square exceeded the boundary of the spine image, we zero 

padded the excess area. This enlarged square served as the vertebral patch. In summary, the 

extraction process assures that the vertebral body is positioned at the center of a patch, occupies 

one quarter of the patch, and is not tilted. 

Affine transformation, a data augmentation method, was conducted during vertebral body 

extraction. For each vertebral patch, rotation, scaling, and translation were applied to the vertebral 

body sequentially. The requirements of the affine transformation are: 1) scale the vertebral body’s 

area by s%, where s was randomly selected from the range [81, 121]; 2) rotate the vertebral body 

by a degree randomly selected from the range [-5°, 5°]; and 3) translate the vertebral body along 

the x-axis and y-axis, each by a distance equal to a value randomly and independently sampled 

from the range [-0.05, 0.05] × the length of vertebral patch’s edge. Affine transformation of the 

vertebral body inside the vertebral patch is basically the same as that of the square on the spine 

image (Step 5 in Figure 3.3). To expand (or shrink) the vertebral body’s area by s%, we shrank (or 

expanded) the square’s area by (1/s%)×100%. To rotate the vertebral body by an angle, we rotated 
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the square by the same angle in the opposite direction. To translate the vertebral body by a distance, 

we translated the square by the same distance in the opposite direction. For each original square 

(the square after Step 4 in Figure 3.3), we conducted affine transformations on it four times to 

generate four augmented vertebral patches. 

While the bone of the vertebral body is brighter than the background in most vertebral patches, 

“inverted patches” also exist, in which the bone of the vertebral body is darker than background. 

Figure 3.3 includes an inverted vertebral patch, which is shown to be inverted back in step 7 

according to the convention used in this project (bone brighter than background and air). In our 

experiments, mixing these two types of vertebral patches in the dataset was one major negative 

factor on the deep learning model’s performance [63]. Thus, it is necessary to invert the inverted 

patches to make the bone of the vertebral body in each vertebral patch brighter than the 

background. Note that all radiographs were originally stored in the DICOM format. One DICOM 

tag called Photometric Interpretation [80] can be used to determine whether each radiograph and 

its corresponding vertebral patches are inverted. If the value of Photometric Interpretation is 

MONOCHROME 1, the radiograph is inverted. Otherwise, if the value of Photometric 

Interpretation is MONOCHROME 2, the radiograph is not inverted. 

Afterwards, we conducted two additional data augmentation steps on each vertebral patch 

generated by affine transformation: 1) adjust the contrast and brightness using the SigmoidContrast 

class in the imgaug package [81]; and 2) add Gaussian noise using the AdditiveGaussianNoise 

class in the imgaug package [81]. When adjusting the contrast and brightness, two parameters were 

required: gain and cutoff. Gain was randomly sampled from the range [4, 8]. Cutoff was randomly 

selected from the range [0.4, 0.6]. The standard deviation of the Gaussian noise was randomly 

sampled from the range [0, 39]. 
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As a result, for each vertebral body in the training set, we obtained one original vertebral patch 

and four augmented vertebral patches. These five patches were used for model training. The 

validation and test sets only contain the original vertebral patches. Before feeding into the neural 

network, each vertebral patch was resized to 224×224 pixels and each pixel value was normalized 

by subtracting the mean and then dividing by the standard deviation of the vertebral patch [52]. 

3.4 MODEL TRAINING 

3.4.1 Overview of Model Training 

We trained five deep learning algorithms (see Figure 3.4), including GoogLeNet [82], Inception-

ResNet-v2 [83], EfficientNet-B1 [84], and two ensemble algorithms. Taking an individual 

vertebral patch as an input, each of the five deep learning algorithms was used to build models to 

classify the vertebral patch to have label 0 or label 1. 

To train GoogLeNet, Inception-ResNet-v2, and EfficientNet-B1, transfer learning was used 

by pre-training a model on ImageNet [85] and fine-tuning the model on a target dataset. Besides 

this common transfer learning technique, we also built a model by first pre-training it on ImageNet, 

then tuning it on the MrOS-mSQ dataset, and finally fine-tuning it on the UW-m2ABQ dataset. 

Recall that the UW dataset contains clinical data, while the MrOS dataset was generated for 

research. To make the model performant on the clinical data, we finally fine-tuned each model on 

only the UW-m2ABQ dataset rather than the combination of both the UW-m2ABQ dataset and 

the MrOS-mSQ dataset. Since both the MrOS dataset and the UW dataset contain vertebral 

patches, a model tuned on the MrOS-mSQ dataset before finally fine-tuned on the UW-m2ABQ 

dataset can learn more relevant image features. 
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(A) 

 

(B) 

 

(C) 

Figure 3.4. The flowchart of OCF classification using deep learning. 

(A) The flowchart of OCF classification by GoogLeNet, Inception-ResNet-v2, or EfficientNet-

B1. (B) The flowchart of OCF classification by ensemble averaging. (C) The flowchart of OCF 

classification by ensemble majority voting. 

After training the models using the three individual algorithms mentioned above, two 

ensemble models were created using the ensemble averaging algorithm and the ensemble majority 
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voting algorithm (see Figure 3.4(B) and Figure 3.4(C)). Note that each of the three individual 

algorithms could output a probability that the vertebral patch should be classified to have label 1 

(see Figure 3.4(A)). For ensemble averaging, we averaged the probabilities output by the three 

individual models. Then the classification result was obtained by comparing the average 

probability and a pre-set cutoff threshold. The classification result of ensemble majority voting 

was the majority classification result of the three individual models. 

In summary, three deep learning models and two ensemble models were generated in each of 

the following three training tasks: 

1) Task 1: Pre-train the model on ImageNet and fine-tune the model on the MrOS-mSQ dataset’s 

training set (ImageNet → MrOS-mSQ). 

2) Task 2: Pre-train the model on ImageNet and fine-tune the model on the UW-m2ABQ 

dataset’s training set (ImageNet → UW-m2ABQ). 

3) Task 3: The model tuned in Task 1 was further fine-tuned on the UW-m2ABQ dataset’s 

training set (ImageNet → MrOS-mSQ → UW-m2ABQ). 

In total, 15 models (5 models per task × 3 tasks) were built. 

3.4.2 Details of Model Training 

To build models for OCF classification, we used the five deep learning algorithms (see Figure 3.4), 

namely, GoogLeNet, Inception-ResNet-v2, EfficientNet-B1, and the two ensemble algorithms. 

These algorithms were implemented using Python 3.7.6, TensorFlow 2.4.1 [66], and TF-Slim 1.1.0 

[86]. 

We chose each of these three individual algorithms because of the combination of the 

following two factors: 

1) The performance of the algorithm in published benchmark analysis. 
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2) The number of parameters that the algorithm has. Considering that we have very limited data 

instances, too many parameters could cause overfitting. 

In each of the three training tasks (see Section 3.4.1), we only needed to train GoogLeNet, 

Inception-ResNet-v2, and EfficientNet-B1. Given the classification results of these three models 

after training, the classification result of each ensemble model was computed (see Figure 3.4(B) 

and Figure 3.4(C)). Thus, in all three training tasks, we built 15 deep learning models, 9 of which 

through model training. 

To boost the performance of the models, we applied transfer learning [52], which consists of 

the following steps: 1) pre-training a model on a large source dataset and 2) fine-tuning the weights 

of the model on the target dataset. ImageNet [85] is one of our source datasets. The TensorFlow 

Model Garden [87] provides GoogLeNet and Inception-ResNet-v2 models pre-trained on 

ImageNet. Another online open-source code [88] provides an EfficientNet-B1 model pretrained 

on ImageNet. Before fine-tuning a model that was pre-trained on ImageNet, the output layer of the 

corresponding neural network was adjusted for binary classification to fit our OCF classification. 

This modified output layer could not be initialized using the weights of the model pretrained on 

ImageNet. Instead, this output layer was initialized using He initialization [89]. When tuning each 

model that was pre-trained on ImageNet, we conducted the following two steps: 

1) Freeze all layers except the output layer. Train the model with a fixed learning rate of 10-3, a 

batch size of 20, adaptive moment estimation (Adam) optimization [90], and 15 epochs. 

2) Keep freezing several layers close to the input layer and unfreeze the other layers. Use a smaller 

learning rate to continue to tune the model. The batch size was 20. Adam was used. 

Some details of the second step are shown in the following: 

1) The number of frozen layers was a hyper-parameter. 
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2) Learning rate decay was applied to the weights of the unfrozen layers. If the AUC-PR of the 

model evaluated after each epoch on the validation set did not increase in any of the subsequent 

two epochs, the learning rate was multiplied by a decay factor of < 1. Once the learning rate 

was decayed, the neural network with the weights leading to the best validation result ever 

obtained during training this model was reloaded. Subsequently, the decayed learning rate was 

used to continue the model training process. Both the learning rate when model training starts 

(termed the initial learning rate) and the decay factor were hyper-parameters. 

3) The weighted cross-entropy loss function [91] was used to penalize false positives and false 

negatives in different ways. The factor controlling the false-negative weight was set to 1. The 

factor controlling the false-positive weight (denoted by pos_weight) was a hyper-parameter. 

4) To avoid overfitting, early stopping [62] was used during model training. If the model AUC-

PR evaluated after each epoch on the validation set did not increase in any of the subsequent 

10 epochs, model training was ended. 

A three-step transfer learning technique was also designed (see Task 3 in Section 3.4.1). 

Before finally fine-tuning a model on the UW-m2ABQ dataset, the model was already tuned on 

the training set of the MrOS-mSQ dataset. Recall that before tuning the model on the training set 

of the MrOS-mSQ dataset, the mSQ categories were simplified into two classes (see Section 3.2.2). 

Thus, the model tuned on the training set of the MrOS-mSQ dataset was already used for binary 

classification. All model weights tuned on the training set of the MrOS-mSQ dataset were used to 

initialize the model in the fine-tuning step. When fine-tuning each model that was already tuned 

on the MrOS-mSQ dataset, we froze several layers close to the input layer and used a small 

learning rate to fine-tune the model. The batch size was 20 and Adam was used. The 

aforementioned learning rate decay, weighted cross-entropy loss function, and early stopping were 
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used. The number of frozen layers, the initial learning rate, the decay rate, and pos_weight were 

hyper-parameters that required tuning. 

In each step of each model tuning process, dropout [92] was used to avoid overfitting. For 

each unit in the fully connected layer before the output layer, the probability of dropping this unit 

is a hyper-parameter referred to as the dropout rate. 

In summary, in the training process of each model, five hyper-parameters required tuning. 

These hyper-parameters, listed in Table 3.9, were tuned by random search [62] for 2,000 rounds, 

with the goal of maximizing the AUC-PR on the validation set. The initial learning rate, decay 

factor, and pos_weight were determined on the logarithmic scale. The dropout rate was determined 

on a linear scale. The deepest frozen layer Ld was searched on a list. The search space of Ld was 

different for GoogLeNet, Inception-ResNet-v2, and EfficientNet-B1 because they have distinct 

architectures. The code representing each layer of each neural network is provided in its open-

source code [88, 93, 94] and original paper [82-84]. Table 3.10 lists the optimal values of these 

hyper-parameters for each model training process. The hyper-parameters not mentioned in this 

section were set to their default values given by the original papers [82-84] and open-source code 

[88, 93, 94] of these deep learning algorithms. 

Hyper-parameter tuning was performed on two Ubuntu Linux servers concurrently:1) Xeon 

E5-2630 with four Nvidia GeForce TITAN Xp GPUs and 512 GB of memory and 2) Xeon Gold 

5215 with four Nvidia GeForce 2080 Ti GPUs and 96 GB of memory. 
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Table 3.9. Five hyper-parameters that were tuned by random search. 

Hyper-parameter Description Search range or search space 

Initial learning rate Learning rate when model training begins. [10-6, 10-3] 

Decay factor Value by which the learning rate is 

multiplied to decrease the learning rate. 

[10-3, 1] 

pos_weight Factor controlling the false-positive weight 

in the weighted cross entropy loss function. 

[0, 10] 

Dropout rate Probability of dropping each unit of the 

fully connected layer before the output 

layer. 

[0, 1] 

Ld Deepest frozen layer. If Ld ≠ none, the input 

layer up to Ld are frozen. Otherwise, if Ld = 

none, no layer is frozen. 

GoogLeNet: none, 1a, 2b, 2c 

Inception-ResNet-v2: none, 1a, 2a, 

2b, 3b, 4a 

EfficientNet-B1: none, stem, 

block1, block2, block3, block4, 

block5 

 

Table 3.10. For each GoogLeNet, Inception-ResNet-v2, and EfficientNet-B1, the optimal value 

of each hyper-parameter in each training task. 

 Optimal value 

Task 1: ImageNet 

→ MrOS-mSQ 

Task 2: ImageNet 

→ UW-m2ABQ 

Task 3: ImageNet 

→ MrOS-mSQ → 

UW-m2ABQ 

GoogLeNet Initial learning rate 6.95×10-4 5.43×10-4 3.02×10-4 

Decay factor 8.53 16.03 654.70 

pos_weight 0.14 0.35 0.29 

Dropout rate 0.25 0.48 0.33 

Ld None 1a 1a 

Inception-

ResNet-v2 

Initial learning rate 2.2×10-4 2.90×10-4 1.53×10-4 

Decay factor 71.65 5.17 1.87 

pos_weight 0.71 6.48 0.64 

Dropout rate 0.70 0.42 0.24 

Ld 1a 1a None 

EfficientNet-B1 Initial learning rate 7.96×10-3 2.85×10-3 1.65×10-4 

Decay factor 14.02 1.71 14.06 

pos_weight 0.14 0.31 1.69 

Dropout rate 0.94 0.20 0.97 

Ld block1 block3 stem 
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3.5 MODEL EVALUATION 

3.5.1 Description of Model Evaluation 

Using both the UW-m2ABQ dataset’s test set and the MrOS-m2ABQ dataset’s test set, we tested 

each of the 15 trained models described in Section 3.4.1. Each model trained in Task 1 was also 

tested on the MrOS-mSQ dataset’s test set. All of the performance measures mentioned in this 

section were computed using the classification results on individual vertebral patches. 

The ensemble majority voting algorithm does not output a numerical value on which a range 

of cutoff thresholds can be set (see Figure 3.4(C)). Thus, the AUC-PR and the AUC-ROC of the 

models built using the ensemble majority voting algorithm could not be computed. Instead, the 

following performance measures were computed: accuracy, sensitivity, specificity, PPV, negative 

predictive value (NPV), false discovery rate (FDR = 1 – PPV), and F1 score. 

For the other trained models, all of the performance measures mentioned above were 

computed, including the AUC-PR and the AUC-ROC. For measures other than AUC-PR and 

AUC-ROC, a cutoff threshold was required. To set the cutoff threshold for each of these models, 

we used two thresholding methods, each applied to the validation set of the dataset whose training 

set was used to finally fine-tune the model. The same cutoff threshold was then used when testing 

the model on different test sets. The two thresholding methods are as follows: 

1) Set the cutoff threshold to maximize the F1 score. This automatically sets the cutoff threshold 

and balances the sensitivity and the PPV. 

2) Manually set the threshold to make the PPV approximate 90%. Recall that we prioritize the 

PPV rather than the sensitivity for our opportunistic screening tool (see Section 3.1). Our initial 

consultation with local clinicians showed that a PPV of approximately 90% was appropriate. 
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The 95% confidence interval (CI) of each performance measure was computed using 2,000-

fold bootstrap analysis. 

Each model was evaluated using a GPU on Xeon E5-2630 with 512 GB of memory. 

3.5.2 Results of Model Evaluation 

We report the performance of our ensemble averaging algorithm in Tasks 2 (ImageNet → UW-

m2ABQ) and 3 (ImageNet → MrOS-mSQ → UW-m2ABQ) in this section. The performance of 

the other models is reported in the appendix in another paper [37]. 

Figure 3.5 and Figure 3.6 show the performance of the model built using the ensemble 

averaging algorithm in Task 2. Figure 3.5 and Figure 3.6 show this model’s performance on the 

UW-m2ABQ dataset’s test set and the MrOS-m2ABQ dataset’s test set, respectively. 

On the UW-m2ABQ dataset’s test set, the model mentioned above yielded an AUC-ROC of 

0.948 and an AUC-PR of 0.730. After setting the cutoff threshold to make the PPV approximate 

90% on the UW-m2ABQ dataset’s validation set, this model achieved a sensitivity of 54.5%, a 

specificity of 99.7%, a PPV of 89.8%, an NPV of 97.9%, an FDR of 10.2%, an F1 score of 0.671, 

and an accuracy of 97.7%. 

On the MrOS-m2ABQ dataset’s test set, the model mentioned above yielded an AUC-ROC 

of 0.936 and an AUC-PR of 0.811. After setting the cutoff threshold to make the PPV approximate 

90% on the UW-m2ABQ dataset’s validation set, this model achieved a sensitivity of 47.8%, a 

specificity of 99.6%, a PPV of 94.8%, an NPV of 92.4%, an FDR of 5.2%, an F1 score of 0.636, 

and an accuracy of 92.5%. 

Figure 3.7 shows the performance of the model built using the ensemble averaging algorithm 

in Task 3 and evaluated on the UW-m2ABQ dataset’s test set. This model yielded an AUC-ROC 

of 0.955 and an AUC-PR of 0.764. After setting the cutoff threshold to make the PPV approximate 
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90% on the UW-m2ABQ dataset’s validation set, this model achieved a sensitivity of 53.9%, a 

specificity of 99.7%, a PPV of 89.4%, an NPV of 97.9%, an FDR of 10.6%, an F1 score of 0.672, 

and an accuracy of 97.7%. 

 

Figure 3.5. The performance of the model, which was built using the ensemble averaging 

algorithm in Task 2 and evaluated on the test set of the UW-m2ABQ dataset. 

(A) The ROC curve and the AUC-ROC with its 95% CI. (B) The PR curve and the AUC-PR 

with its 95% CI. (C) When the cutoff threshold (0.327) is set to maximize the F1 score on the 

UW-m2ABQ dataset’s validation set, the confusion matrix with the number of vertebral bodies 

in each of the four cells shown in the parentheses. (D) The confusion matrix when the cutoff 

threshold (0.800) is manually set to make the PPV approximate 90% on the UW-m2ABQ 

dataset’s validation set. (E) Using each thresholding method, the sensitivity, specificity, PPV, 

NPV, FDR, F1 score, and accuracy with their 95% CIs. 
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Figure 3.6. The performance of the model, which was built using the ensemble averaging 

algorithm in Task 2 and evaluated on the test set of the MrOS-m2ABQ dataset. 

(A) The ROC curve and the AUC-ROC with its 95% CI. (B) The PR curve and the AUC-PR 

with its 95% CI. (C) When the cutoff threshold (0.327) is set to maximize the F1 score on the 

UW-m2ABQ dataset’s validation set, the confusion matrix with the number of vertebral bodies 

in each of the four cells shown in the parentheses. (D) The confusion matrix when the cutoff 

threshold (0.800) is manually set to make the PPV approximate 90% on the UW-m2ABQ 

dataset’s validation set. (E) Using each thresholding method, the sensitivity, specificity, PPV, 

NPV, FDR, F1 score, and accuracy with their 95% CIs. 
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Figure 3.7. The performance of the model, which was built using the ensemble averaging 

algorithm in Task 3 and evaluated on the test set of the UW-m2ABQ dataset. 

(A) The ROC curve and the AUC-ROC with its 95% CI. (B) The PR curve and the AUC-PR 

with its 95% CI. (C) When the cutoff threshold (0.764) is set to maximize the F1 score on the 

UW-m2ABQ dataset’s validation set, the confusion matrix with the number of vertebral bodies 

in each of the four cells shown in the parentheses. (D) The confusion matrix when the cutoff 

threshold (0.900) is manually set to make the PPV approximate 90% on the UW-m2ABQ 

dataset’s validation set. (E) Using each thresholding method, the sensitivity, specificity, PPV, 

NPV, FDR, F1 score, and accuracy with their 95% CIs. 

3.5.3 Comparison between the Models 

For each deep learning algorithm, there were three training tasks. Each model was tested using 

two or three test sets. Table 3.11 shows the F1 score, the AUC-PR, and the AUC-ROC of each 
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(deep learning algorithm, training task, test set) combination. Note that the AUC-PR and the AUC-

ROC of the models built using the ensemble majority voting algorithm could not be computed (see 

Section 3.5.1). In this section, each model’s cutoff threshold was set to maximize the F1 score on 

the corresponding validation set. 

Table 3.11. F1 scores, AUC-PR, and AUC-ROC for each (deep learning algorithm, training task, 

test set) combination. In this table, yellow and magenta are used to mark the MrOS dataset and 

the UW dataset, respectively. 

Training task Task 1: ImageNet → 

MrOS-mSQ 

Task 2: ImageNet →

UW-m2ABQ 

Task 3: ImageNet → 

MrOS-mSQ → 

UW-m2ABQ 

Test set MrOS-

mSQ 

MrOS-

m2ABQ 

UW-

m2ABQ 

 MrOS-

m2ABQ 

UW-

m2ABQ 

 MrOS-

m2ABQ  

UW-

m2ABQ 

          

 F1 score 

GoogLeNet 0.751 0.691 0.579  0.698 0.668  0.694 0.701 

Inception-ResNet-V2 0.729 0.652 0.523  0.670 0.659  0.698 0.674 

EfficientNet-B1 0.743 0.667 0.543  0.705 0.650  0.747 0.689 

Ensemble averaging 0.773 0.677 0.566  0.729 0.684  0.761 0.702 

Ensemble majority voting 0.776 0.648 0.553  0.706 0.694  0.713 0.712 

          

 AUC-PR 

GoogLeNet 0.817 0.782 0.606  0.784 0.698  0.804 0.736 

Inception-ResNet-V2 0.798 0.795 0.636  0.809 0.656  0.801 0.696 

EfficientNet-B1 0.816 0.796 0.628  0.785 0.703  0.808 0.746 

Ensemble averaging 0.841 0.796 0.658  0.811 0.730  0.831 0.764 

          

 AUC-ROC 

GoogLeNet 0.990 0.897 0.918  0.927 0.941  0.933 0.949 

Inception-ResNet-V2 0.993 0.925 0.914  0.930 0.925  0.922 0.947 

EfficientNet-B1 0.993 0.914 0.916  0.914 0.941  0.933 0.958 

Ensemble averaging 0.992 0.911 0.930  0.936 0.948  0.940 0.955 

3.6 DISCUSSION 

The ensemble averaging model trained in Task 2 achieved our pre-specified objectives of AUC-

PR > 0.70 and AUC-ROC > 0.90 on both the UW dataset and the MrOS dataset. When setting the 
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cutoff threshold to make the PPV approximately 90% on the UW-m2ABQ dataset’s validation set, 

we obtained high PPVs and specificities with moderate sensitivities on both datasets. This is 

acceptable for our clinical use case of an opportunistic screening tool described in Section 1.1 and 

Section 3.1, in which the PPV and specificity rather than the sensitivity should be prioritized. An 

opportunistic screening tool could be clinically useful with a moderate sensitivity and a high 

specificity or PPV. Given the volume of radiographic exams that cover some portion of the thoracic 

and lumbar spine at most medical institutions, it is prudent to consider the downstream effects of 

positive and negative predictive results. A positive predictive result would result in provider efforts 

guiding the patient to the appropriate clinical care as well as patient expense, worry, radiation 

exposure, and potential harm. A negative predictive result would result in no further action and 

would not affect the current standard of clinical care. Our opportunistic screening tool will only 

augment current clinical practice rather than replace radiologist interpretation or any other step in 

the current clinical workflow. In this setting, a false negative is a missed opportunity, but could 

still be possibly caught by the current standard of care. A false positive triggers extra work that 

has no obvious benefit to the patient but potential harm and financial burden. Our model with a 

PPV of about 90% and a sensitivity of about 50% can detect nearly half of the unreported fractured 

vertebral bodies with limited extra cost. It is worth noting that many diagnostic tests in use today 

have modest sensitivities. Papanicolaou smear has a sensitivity of 55.4% and a specificity of 94.6% 

[95]. 

In Section 3.5.3, we compared the performance of each (deep learning algorithm, training 

task, test set) combination. We have six observations: 

1) In each (training task, test set) combination, the models built using the two ensemble 

algorithms typically outperformed the other models. 
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2) In each (training task, test set) combination, the two ensemble algorithms typically produced 

models with similar F1 scores. Unlike the ensemble majority voting algorithm that outputs 

categorical values, the ensemble averaging algorithm provided numerical outputs to which 

different cutoff thresholds could be applied. Thus, the ensemble averaging algorithm is more 

flexible and can be adapted for different clinical use cases. 

3) In Task 2 (ImageNet →  UW-m2ABQ), the model built using the ensemble averaging 

algorithm had a better F1 score and a higher AUC-PR on the MrOS-m2ABQ dataset than on 

the UW-m2ABQ dataset. This shows that the model built using the ensemble averaging 

algorithm has some generalizability. Counterintuitively, this model performed worse on the 

test set of the UW-m2ABQ dataset, whose training set was used for fine-tuning this model, 

than on the MrOS-m2ABQ dataset. The reason could be that the data in the UW dataset are 

more diverse, especially in subject positioning and image artifacts, increasing difficulty of 

OCF classification. 

4) On each test set, each model trained in Task 3 (ImageNet → MrOS-mSQ → UW-m2ABQ) 

typically had a higher F1 score and a better AUC-PR than the corresponding model trained in 

Task 2 (ImageNet → UW-m2ABQ) did. Our transfer learning technique in Task 3 could 

improve models’ performance. However, since each model trained in Task 3 was tuned using 

both datasets, we cannot claim that this model is generalizable. We need more datasets to show 

these models’ generalizability. 

5) In Task 1 (ImageNet → MrOS-mSQ), the AUC-PR of each model tested on the MrOS-mSQ 

dataset was higher than that of each model tested on the MrOS-m2ABQ dataset but to a limited 

degree (e.g., 5.7% for the ensemble averaging algorithm). This could imply that our two binary 
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OCF labeling systems (simplified from the mSQ criteria and the m2ABQ criteria, respectively) 

are similar. 

6) In Task 1, the F1 score and the AUC-PR of each model tested on the MrOS-mSQ dataset were 

higher than those of each model tested on the UW-m2ABQ dataset, respectively (e.g., 36.6% 

and 27.8% greater, respectively by the F1 score and the AUC-PR, for the ensemble averaging 

algorithm). The models fine-tuned on the MrOS-mSQ dataset were not generalizable to the 

UW-m2ABQ dataset. The MrOS dataset was obtained for research, while the UW dataset was 

extracted from clinical data that were more diverse in demographics, X-ray techniques, and 

image artifact variations. This greater diversity is likely the cause of poor performance by 

models only fine-tuned on the MrOS dataset. 

Researchers from other research projects [25-29] reported approaches to automatically 

detecting OCFs using radiographs. Using lumbar or thoracolumbar spine radiographs, Chou et al. 

[25] did automatic segmentation to extract the vertebral bodies and classified each vertebral body 

using an ensemble method. Using similar methods, Li et al. [26] trained models to automatically 

detect vertebral fractures on lateral spine radiographs. Chen et al. [27] and Murata et al. [28] 

respectively trained a deep learning model to detect vertebral fractures on a radiograph without 

vertebral body segmentation. The main limitation of each of the above projects is that a single-site 

dataset was used. This resulted in a more homogeneous population, making the trained models less 

generalizable. 

Xiao et al. [29] trained and tested their models on women’s lateral spine and chest radiographs 

from multiple sites, showing that their models had good generalizability and could serve as an 

opportunistic screening tool for female OCF screening. Based on their models, they developed a 

software program with a user interface. However, except for two datasets, they did not mention 
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the source, the dataset construction process, and the demographic information of the other datasets 

in detail. The two known datasets were retrieved from the Osteoporotic Fractures in Women 

(MsOS) Hong Kong dataset [96]. Like the MrOS dataset, the MsOS Hong Kong dataset was 

originally collected for research and has some selection bias. Their recruitment criteria included 

that all subjects were able to walk without assistance [96]. The radiographs in this dataset likely 

contain far fewer imaging chain artifacts like angulation, position, overlapping, motion, and 

equipment, which are commonly seen in standard clinical imaging, and are seen when comparing 

the UW and MrOS datasets in our study. 

In contrast to the above projects, we used data assembled from multiple sites with detailed 

description of the dataset construction process and demographic information (see Section 3.2). Our 

UW dataset was retrieved from local clinical sites and thus is more consistent with the distribution 

of clinical data. Shown in Table 3.6, the UW dataset contains subjects that have varied race, 

ethnicity, and gender, as well as radiographs generated from different X-ray machines, which 

could help improve the generalizability of our trained models. 

Our models have several limitations: 

1) We used lateral spine radiographs to build our classifiers. This type of radiograph is optimized 

to show bones, and thus a rational initial target for research. However, to increase the target 

population in the future, other radiographs like lateral chest or abdominal radiographs should 

be used. 

2) Our current model classifies individual vertebral bodies extracted from spine radiographs 

using manual annotation. This ensures that the vertebral bodies are correctly bounded on a 

radiograph but is not automated or scalable. As mentioned in Section 3.1, we are testing and 
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separately reporting image segmentation models to automatically localize the vertebral bodies 

on a radiograph [34]. 

3) Currently, we only have one dataset (the UW dataset) containing data acquired in varied 

clinical settings for diagnostic purposes. The number of annotated radiographs in the UW 

dataset is small. We need more annotated clinical data to train our model and test its 

generalizability. In the future, we will annotate more radiographs from various clinical sites 

using semi-automated approaches. 

4) In this study, the cutoff thresholds set using the two thresholding methods might not be the 

best for the clinical use case. We have already surveyed a variety of clinical providers to 

determine an acceptable performance threshold for automated opportunistic OCF screening. 

We will further analyze our survey results to determine the most appropriate cutoff threshold 

for the clinical use case. 

5) In this study, we did not analyze incorrectly classified cases and explore how image features 

contribute to each model’s outputs. These two tasks should be implemented in the future to 

understand how the model works, its failure modes, and how to further improve the model. 

3.7 CONCLUSION 

We used five deep learning algorithms to train models that detected OCFs of vertebral bodies 

extracted from spine radiographs. The ensemble averaging model trained in Task 2 achieved our 

pre-specified objectives of AUC-PR > 0.70 and AUC-ROC > 0.90 on both the UW dataset and the 

MrOS dataset. This model has good performance and some generalizability and can serve as a 

critical component of our future automated opportunistic screening tool. 
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Chapter 4. PROGRESS INDICATION FOR DEEP LEARNING 

MODEL TRAINING 

Deep learning is the state-of-the-art learning algorithm for many machine learning tasks [62]. Yet, 

training a deep learning model on a large dataset is often time-consuming, taking several days or 

even months [53-58]. During model training, it is desirable to offer a non-trivial progress indicator 

that can continuously project the remaining model training time and the fraction of model training 

work completed [59]. This makes the training process more user-friendly. In addition, we can use 

the information given by the progress indicator to assist in workload management [97, 98]. In this 

chapter, we present the first method [64] to support non-trivial progress indicators for deep 

learning model training when early stopping [62] is allowed. We term this method the basic 

method. This basic method revises its predicted model training cost using information gathered at 

the validation points, where the model’s error rate is computed on the validation set. Due to the 

sparsity of validation points, the resulting progress indicators often have a long delay in gathering 

information from enough validation points and obtaining relatively accurate progress estimates. In 

this chapter, we further propose an improved progress indication method [65] to overcome this 

shortcoming by judiciously inserting extra validation points between the original validation points. 

We report an implementation of our progress indication methods in TensorFlow [66] and our 

evaluation results for both convolutional and recurrent neural networks. Our experiments show 

that our progress indicator can offer useful information even if the run-time system load varies 

over time [64]. In addition, the progress indicator can self-correct its initial estimation errors, if 

any, over time. Compared with using the basic progress indication method, using the improved 

method reduces the progress indicator’s prediction error of the model training time left by 57.5% 
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on average. Also, with a low overhead, this improved method enables us to obtain relatively 

accurate progress estimates faster. 

The rest of the chapter is organized as follows. Section 4.1 introduces the background and 

motivations of this study. Section 4.2 presents the related work to this study. Section 0 introduces 

some concepts and notations that will be used throughout this chapter. Sections 4.4 and 4.5 

describes our basic and improved progress indication methods for deep learning model training, 

respectively. Section 4.6 reports the performance test results by implementing our progress 

indication methods in TensorFlow. Section 4.7 points out some directions for future work. Section 

4.8 gives the conclusion. 

4.1 INTRODUCTION 

The need for non-trivial progress indicators for deep learning model training 

Deep learning is the state-of-the-art learning algorithm for many machine learning tasks like 

image classification, NLP, and speech recognition [62]. But, building a deep learning model on a 

large dataset is often time-consuming. Using 50 GPUs, a Google team spent two months training 

a deep neural network on 300 million images [53]. With 200 CPUs, Weyand et al. [54] took 2.5 

months to train a convolutional neural network on 126 million photos. With one GPU, Colón-Ruiz 

et al. [55] spent more than 22 hours training a BERT model [56] on 215,063 drug reviews for 

sentiment analysis. Using a GPU, Guo et al. [57] spent ten hours to train a convolutional neural 

network on approximately 10 million image patches with a resolution of 28×28 for tumor 

segmentation. Sufficient computing resources could be difficult for individual clinicians or clinical 

research groups to obtain [58], making deep learning model training more time-consuming. As a 

standard human-computer interaction principle [59], for each task running longer than 10 seconds, 

we need a non-trivial progress indicator (see Figure 1.2) to continuously project the remaining task 
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running time and the fraction of the task completed. Thus, progress indicators are desirable to 

make the deep learning model training process more user-friendly. 

Besides making the deep learning model training process more user-friendly, we can use the 

information given by the progress indicator to assist with workload management as outlined in our 

other papers [97, 98]. We once talked with Yasser M. Ibrahim, the previous head of distributed 

machine learning at Amazon. He mentioned that using a large computer cluster, his team took 

several months to train a deep neural network supporting Alexa’s speech recognition function. 

Every so often, his team retrained this neural network and would like to finish the re-training in a 

given amount of time. As the amount of training data, the neural network’s hyper-parameter 

values, and the server capacity continue changing over time, his team needed a method to find an 

appropriate cluster configuration for each round of re-training. A workload management approach 

aided by progress indicators would serve this purpose [97]. 

A neural network is trained in one or more epochs, each of which requires going through all 

of the training instances once. Some deep learning software supplies trivial progress indicators 

during model training, e.g., by displaying the number of epochs that have been completed [60] or 

the value of the objective function achieved [61] over time. However, this information is too 

coarse-grained for many purposes. On a large dataset, a large amount of time is needed to go 

through an epoch. Moreover, early stopping is widely used in deep learning model training to help 

avoid overfitting. When early stopping is allowed, the number of epochs needed for model training 

is unknown beforehand but dynamically decided during model training based on a stopping 

criterion [62]. How to support such progress indicators in the presence of early stopping remains 

an open problem. 
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To address the gap, we propose the first method [64] to support non-trivial progress indicators 

for deep learning model training when early stopping is allowed. We term this method the basic 

method. With low overhead, the basic method can handle various combinations of the deep 

learning model, the learning rate schedule like learning rate decay, and the optimization method. 

The progress indicator built using the basic method can offer useful information even if the run-

time system load varies over time [64]. In addition, the progress indicator can self-correct its initial 

estimation errors, if any, over time. 

The objective of the improved progress indication method for deep learning model training 

The basic progress indication method [64] computes progress estimates for the model training 

process using information gathered at the validation points. Despite producing useful results, this 

method has a shortcoming. Due to the sparsity of validation points, the resulting progress 

indicators often have a long delay in obtaining relatively accurate progress estimates. More 

specifically, at the beginning of model training, we come up with a crude estimate of the model 

training cost that is usually inaccurate. In our basic method, at least three data points are needed to 

estimate the three parameters of the regression function that is used to predict the model training 

cost. Consequently, the predicted model training cost is revised starting from the third validation 

point, which is too late. Then a revision is made only at each subsequent validation point, which 

is infrequent. The combination of these two factors often causes a long delay in gathering 

information from enough validation points and obtaining relatively accurate progress estimates. 

For example, Goyal et al. [99] used eight Nvidia Tesla P100 GPUs to train the ResNet-50 

convolutional neural network on the ImageNet Large-Scale Visual Recognition Competition 

dataset [100]. About 19 minutes passed between two successive validation points [99, 101]. By 

the time the progress indicator revised its predicted model training cost for the first time, 3 × 19 = 
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57 minutes had elapsed. This is a long delay that takes up a non-trivial fraction of the 29-hour 

model training time [99]. 

The objective of designing the improved progress indication method is to overcome the basic 

progress indication method’s shortcoming of having a long delay in obtaining relatively accurate 

progress estimates for the deep learning model training process. Compared with the basic progress 

indication method, the improved method starts revising the predicted model training cost earlier 

and revises the predicted model training cost more frequently. This helps the progress indicator 

reduce its prediction error of the remaining model training time and obtain relatively accurate 

progress estimates faster. 

In this chapter, we focus more on the improved progress indication method than the basic 

method. We report our implementation of our improved progress indication method in TensorFlow 

[66], an open-source software package for deep learning. We present our performance test results 

for both convolutional and recurrent neural networks. Our results show that compared with using 

our basic method, using this improved method reduces the progress indicator’s prediction error of 

the remaining model training time by 57.5% on average. Also, with a low overhead, this improved 

method enables us to obtain relatively accurate progress estimates faster. 

4.2 RELATED WORK 

This section provides a brief review of the related work. A detailed discussion of the related work is 

provided in another paper [97]. 

Sophisticated progress indicators 

Several research groups have proposed sophisticated progress indicators for static program 

analysis [102], software model checking [103], program compilation [104], database queries [98, 
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105-108], MapReduce jobs [109, 110], subgraph queries [111], and automatic machine learning 

model selection [112, 113]. In addition, for training machine learning models, we have created 

sophisticated progress indicators for random forest, decision tree, as well as neural network [64, 65, 

97, 114, 115] 

Estimating the training time of deep learning models 

To estimate the running time of an epoch before deep learning model training begins, Justus et 

al. [116] developed a meta learning approach that uses multiple features of the computing resources, 

the present deep learning model, and the training dataset employed to train another deep learning 

model. That approach projects neither the amount of time nor the number of epochs required to train 

a deep learning model. 

To project the amount of time required to train a deep learning model before model training 

begins, researchers have developed multiple methods including meta learning employing support 

vector regression [117], meta learning employing Multivariate Adaptive Regression Splines [118], 

meta learning employing polynomial regression [119], and Bayesian optimization [120]. The 

estimates given by these methods are not kept being refined, are often inaccurate, and can diverge 

greatly from the real model training time on a loaded computer. In comparison, our progress 

indication method for deep learning model training keeps refining its estimates and considers the 

load on the computer when projecting the remaining model training time. 

Complexity analysis for training neural networks 

Many researchers have studied the time complexity of training a neural network [121, 122]. 

However, the time complexity information gives no estimate of the model training time on a loaded 

computer and is insufficient for us to develop progress indicators. Typically, time complexity 
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considers neither data properties that affect the model training cost nor the coefficients and the lower 

order terms required to predict the model training cost. A good progress indicator should keep 

refining its estimated model training cost during model training. 

4.3 SOME CONCEPTS AND NOTATIONS 

In this section, we introduce some concepts and notations that will be used throughout this chapter. 

To control model training, the user of the deep learning software specifies an early stopping 

condition and three positive integers B, g, and me. The deep learning model is trained in batches, 

each processing B training instances to calculate parameter value updates to the model. We reach an 

original validation point after finishing every g batches of model training. There, we first calculate 

the validation error, which is the model’s error rate on the validation set. Then we assess whether the 

early stopping condition is fulfilled. If so, we end model training. me denotes the maximum number 

of epochs allowed for model training. If the early stopping condition remains unfulfilled by the time 

we finish the me-th epoch, we end model training at that time. Thus, the maximum number of batches 

allowed for model training is 

 bmax = the number of data instances that are in the training set × me / B. 

The maximum number of original validation points allowed for model training is 

 vmax = bmax / g, (4.1) 

where  is the floor function, e.g., 4.4 = 4. 

The validation curve depicts the validation errors obtained over time during model training. 

Many early stopping criteria exist, most of which are based on the validation curve [62, 123-125]. 

One criterion is to stop model training when the validation error has not improved over the best one 

recorded for a given number of validation points [62, 123]. Another criterion adopts the idea of 
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stopping model training when the validation error is over the best one recorded by at least a given 

threshold, while the model’s error rate on the training set no longer improves much [123]. Duvenaud 

et al. [124] proposed a criterion based on estimating the log marginal likelihood without using a 

validation set. Mahsereci et al. [125] proposed a criterion based on some local statistics of the 

computed gradients without using a validation set. 

The goal of this work is not to deal with every early stopping condition that exists. Instead, we 

focus on a commonly used early stopping condition [62, 126]. Through a case study on the condition, 

we demonstrate that when early stopping is allowed, it is feasible 1) to provide non-trivial and useful 

progress indication for deep learning model training and 2) to obtain relatively accurate progress 

estimates faster by judiciously inserting extra validation points between the original validation 

points. The early stopping condition uses two pre-determined numbers: patience p > 0 and min_delta 

δ ≥ 0. The condition is fulfilled when the validation error drops by < δ for p original validation points 

in a row. In other words, letting 𝑒̃𝑗  denote the validation error of the model at the j-th original 

validation point, we end model training at the k-th original validation point when 𝑒̃𝑘−𝑝 − 𝑒̃𝑖 is < δ 

for each i between k – p + 1 and k. 

4.4 BASIC PROGRESS INDICATION METHOD 

In this section we present the basic method to support non-trivial progress indicators for deep 

learning model training when early stopping is allowed. Our presentation focuses on using deep 

learning for classification. Section 4.4.1 describes the innovation of this study. Section 4.4.2 gives 

an overview of our basic progress indication method. Sections 4.4.3-4.4.5 show how to estimate the 

number of batches needed for model training when a fixed learning rate is used during the entire 

model training process. 
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4.4.1 Innovation of the Basic Progress Indication Method 

A deep learning model is trained in batches. In each batch, a fixed number of training instances are 

used to compute the updates to the model’s parameters. Each batch’s running cost is relatively stable 

and can be quickly measured. Thus, the key to estimating the progress of model training is to project 

the number of batches needed for model training. During model training, we use the non-smooth 

validation curve to make this projection. As Figure 4.1 shows, the validation error tends to reduce 

over time before early stopping occurs and also oscillates over time. If we use a monotonically 

decreasing function to model the validation curve without accommodating the oscillations, and 

directly apply the early stopping criterion to the projected curve, we seldom obtain a good estimate 

of the number of batches needed for model training. To address this challenge, we regard the 

validation curve as the sum of a smooth trend curve and some zero-mean random noise. We use a 

regression function to estimate the trend curve, and historical data to gauge the random noise’s 

variance. If the learning rate changes over time, we also model the change’s impact on the random 

noise’s variance. Then we use a Monte Carlo simulation approach to project the number of batches 

needed for model training. By adding simulated random noise to the projected trend curve, we 

generate several synthetic validation curves. On each of them, we apply the early stopping criterion 

to obtain a simulated number of batches needed for model training. The estimated mode of these 

simulated numbers forms the basis for the projected number of batches needed for model training. 

To the best of our knowledge, this is the first time Monte Carlo simulation has been used for progress 

indication and is a main innovation of this work. 
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Figure 4.1. The validation curve = a trend curve + some random noise. 

4.4.2 Overview of the Basic Progress Indication Method 

In this section, we give an overview of our progress indication method. We start with an initial 

estimate of the model training cost. Both the predicted model training cost and the current model 

training speed are gauged by U, the unit of work. Each U depicts the average amount of work needed 

for processing each training instance once in two steps in model training. The first step is to go 

forward through the neural network once to compute its prediction result on the training instance. 

The second step is to go backwards through the neural network once for backpropagation. 

During model training, we keep gathering multiple statistics, such as the number of batches 

done, and use them to keep refining the estimated model training cost. We keep checking the model 

training speed defined as the number of Us completed per second during the K seconds before the 

current time point. By default, K’s value is 10. At any moment, 

 the projected remaining model training time 

 = the projected remaining model training cost / the current model training speed. 

Periodically, we update the progress indicator with the latest information. As the model training 

task keeps running, we gather more precise information about it. As a result, our estimates tend to 

become increasingly accurate over time. 
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Computing the model training cost 

The model training cost is dominated by two components and can be roughly regarded as their 

sum. The first component is the cost of processing the training instances. The second component is 

the cost of computing the validation errors. The first one is easy to compute. 

The cost of processing the training instances 

= the number of batches needed for model training × the number of training instances per batch × 

the average amount of work needed for processing a training instance once in model training 

= the number of batches needed for model training × B × 1 

= the number of batches needed for model training × B. 

Next, we compute the second component. We call each data instance in the validation set a 

validation instance. 

The cost of computing the validation errors 

= the number of validation points needed for model training × the number of data instances in the 

validation set × the average amount of work needed for processing a validation instance once to 

compute the validation error. 

To process a validation instance once, we need to go forward through the neural network once 

to compute its prediction result on the validation instance. We use the number of multiplication 

operations needed to estimate the processing cost. Each neuron typically takes multiple inputs, each 

of which links to a distinct connection weight. When going forward through the neural network, we 

need to compute the neuron’s output by multiplying each input by its linked connection weight. In 

comparison, when going backwards through the neural network, we need to compute a partial 

derivative with respect to each input and a partial derivative with respect to each connection weight. 

The former step requires doing a multiplication with the connection weight linked to the input. The 

latter requires doing a multiplication with the input linked to the connection weight. Hence, as a 
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rough approximation based on the number of multiplication operations needed, we regard the cost 

of going backwards through the neural network once to be twice that of going forward through the 

neural network once. That is, the average amount of work needed for processing a validation instance 

one time = U / 3. Consequently, 

 the cost of computing the validation errors 

 = the number of validation points needed for model training × V / 3, 

with V being the number of data instances in the validation set. 

Summing the two components, we have 

the model training cost 

= the number of batches needed for model training × B + the number of validation points needed 

for model training × V / 3. 

Before model training starts, we can easily know B and V’s values. Thus, to estimate the model 

training cost, we mainly need to estimate the number of batches and the number of validation points 

needed for model training. 

Let T denote the number of data instances in the training set. Before a deep neural network is 

trained, the user of the deep learning software needs to specify the value of a hyper-parameter me 

showing the maximum number of epochs allowed for model training. Each epoch requires passing 

through all of the training instances once and includes T / B batches of model training. The maximum 

number of batches allowed for model training is 

 bmax = me × T / B.  

Before model training starts, we can easily know T and B’s values and subsequently bmax’s value. 

Recall that a validation point is reached every g batches of model training. If early stopping occurs 

before finishing the bmax-th batch, 
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 the number of batches needed for model training 

 = the number of validation points needed for model training × g.  

If early stopping never occurs and model training reaches the maximum number of batches allowed, 

 the number of batches needed for model training = bmax,  

and 

 the number of validation points needed for model training = vmax = bmax / g.  

Recall that vmax is the maximum number of validation points allowed for model training. The last 

equation holds because of formula (4.1). Thus, the key to estimating the model training cost is to 

estimate the number of validation points needed for model training, and subsequently, whether early 

stopping will ever occur. 

Estimating the number of validation points needed for model training 

Initially, with no extra information, we estimate the number of validation points needed for 

model training to be vmax, the maximum number of validation points allowed for model training. 

During model training, once the number of validation points reached is ≥ a given threshold v, we 

start using the validation curve to keep refining the projected number of validation points needed for 

model training. In our implementation, we choose 3 as v’s default value to strike a balance between 

having enough validation points to make a reasonable projection and not having to wait too long 

before the initial projected number could be refined. 

As Figure 4.1 shows, the validation curve often oscillates over time. We regard it as the sum of 

a smooth trend curve and some zero-mean random noise. At each validation point that is after the v-

th one and where the early stopping criterion is unmet, we first fit a smooth regression function to 

the validation curve up to this point, and then use the fitted function to estimate the trend curve 
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beyond this point. Since the regression function is smooth, the estimated trend curve does not reflect 

the oscillations on the validation curve. Thus, directly applying the early stopping criterion to the 

estimated trend curve often does not lead to a good estimate of the number of validation points 

needed for model training. For example, as the validation error tends to decrease over time, we use 

a monotonically decreasing regression function to estimate the trend curve. When the min_delta  = 

0, the early stopping criterion includes a term that the validation error increases at some point. Thus, 

the criterion is never met on the estimated trend curve, even if early stopping occurs frequently in 

practice. 

To address this issue, we use historical data to gauge the random noise’s variance. Then we use 

a Monte Carlo simulation approach to project the number of validation points needed for model 

training. By adding simulated random noise to the projected trend curve, we generate several 

synthetic validation curves. To each of them, we apply the early stopping criterion and obtain the 

number of validation points needed. The smaller of this number and vmax, the maximum number of 

validation points allowed for model training, becomes a simulated number of validation points 

needed for model training. The estimated mode of these simulated numbers forms the basis for our 

projected number of validation points needed for model training. 

In the rest of this Section 4.4, we focus on the case where a fixed learning rate is used during 

the entire model training process. We show how to estimate the number of validation points needed 

for model training upon reaching a validation point that is after the v-th one and at which the early 

stopping criterion is unmet. Section 4.4.3 shows the regression method used to estimate the trend 

curve. Section 4.4.4 covers how to estimate the random noise’s variance. Section 4.4.5 presents the 

Monte Carlo simulation approach used to project the number of validation points needed for model 

training. 
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4.4.3 Estimating the Trend Curve 

The validation error tends to decrease over time, whereas the rate of decrease typically reduces 

over time. In keeping with this, we use the same inverse power law function [97, 127-130] of the 

form 

 r(i) = ai-b + c  

as the regression function to model both the validation and trend curves (see Figure 4.1). Here, i 

is the sequence number of the validation point, a > 0, b > 0, and c > 0. We first fit the function to 

the validation curve up to the current validation point, and then use the fitted function to estimate 

the trend curve beyond that point. 

Intuitively, the validation points well before the current one may not accurately reflect the 

validation curve’s trend beyond the current validation point and could be unsuitable for function 

fitting. Thus, we use a pre-set window size w' whose default value is 50 to skip these validation 

points. Let n denote the number of validation points obtained thus far. When fitting the regression 

function to the validation curve, we use the last 

 w = min(w', n)  

validation points instead of all of the n validation points obtained thus far. To compute a, b, and c’s 

values, we solve a constrained minimization problem: 

 min ∑ [𝑒̃𝑖 − (𝑎𝑖−𝑏 + 𝑐)]2𝑛
𝑖=𝑛−𝑤+1   

the sum of the squared errors at the last w' validation points, subject to the constraints that a > 0, b > 

0, and c > 0. Recall that 𝑒̃𝑖  is the validation error at the i-th validation point. One way to do 

constrained minimization is to use the truncated Newton method [131] and initialize a, b, and c as 

one, one, and zero, respectively. 
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4.4.4 Estimating the Random Noise’s Variance 

Recall that we regard the validation curve as the sum of a smooth trend curve and some zero-mean 

random noise. 𝑒̃𝑖, r(i), and 𝑒̃𝑖 − 𝑟(𝑖) are the validation error, the estimated value of the trend curve, 

and the estimated value of the random noise at the i-th validation point, respectively. n is the number 

of validation points obtained thus far. w is the number of validation points used to fit the regression 

function. We use the last w validation points to estimate the random noise’s variance as 

 𝜎̂2 =
1

𝑤
∑ [𝑒̃𝑖 − 𝑟(𝑖)]2𝑛

𝑖=𝑛−𝑤+1 .  

4.4.5 Projecting the Number of Validation Points Needed for Model Training 

We use a Monte Carlo simulation method to project the number of validation points needed for 

model training. To the best of our knowledge, this is the first time Monte Carlo simulation has been 

used for progress indication. Our method works as follows: 

1) Step 1: For each i (n + 1 ≤ i ≤ vmax), compute the estimated value r(i) of the trend curve at the i-

th validation point. Recall that n is the number of validation points obtained thus far. vmax is the 

maximum number of validation points allowed for model training. All of these r(i) (n + 1 ≤ i ≤ 

vmax) form the estimated trend curve beyond the current validation point, up to the last one 

allowed for model training. 

2) Step 2: For each i (n + 1 ≤ i ≤ vmax), randomly sample a number ni from the normal distribution 

𝑁(0, 𝜎̂2) as simulated random noise at the i-th validation point. Recall that 𝜎̂2 is the estimated 

variance of the random noise. r(i) + ni is a simulated validation error at the i-th validation point. 

All of the r(i) + ni (n + 1 ≤ i ≤ vmax) form a synthetic validation curve beyond the current validation 

point, up to the last one allowed for model training. 
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3) Step 3: Connect the actual validation curve up to the current validation point and the synthetic 

validation curve beyond that point to obtain a full synthetic validation curve, which goes from 

the first validation point to the last one allowed for model training. 

4) Step 4: For each i (n + 1 ≤ i ≤ vmax), check one by one whether the early stopping criterion is met 

on the full synthetic validation curve at the i-th validation point. If the early stopping criterion is 

not met anywhere, we obtain vmax as a simulated number of validation points needed for model 

training, and bmax as a simulated number of batches needed for model training. Recall that vmax 

and bmax are the maximum number of validation points and the maximum number of batches 

allowed for model training, respectively. Otherwise, if the early stopping criterion is met on the 

full synthetic validation curve for the first time at the j-th (n + 1 ≤ i ≤ vmax) validation point, we 

obtain j as a simulated number of validation points needed for model training, and j×g as a 

simulated number of batches needed for model training. Recall that g is the number of batches 

of model training between two consecutive validation points. 

5) Step 5: Repeat Steps 2-4 k times to obtain k simulated numbers of validation points needed for 

model training, which we term simulated estimates. k is a pre-set parameter. We choose 2,000 

as its default value to obtain enough simulated estimates for our projection purpose without 

incurring excessive simulation overhead. 

One could use the mode of the k simulated estimates as the projected number of validation 

points needed for model training. Compared to the mean, the mode is a more robust statistic in the 

presence of outliers [132]. Yet, using the mode directly is suboptimal. When there are ≥ 2 local 

modes with roughly the same frequency, which one of them is the global mode is somewhat random, 

resulting in instability of the projection. Considering this, we make a projection in the following way. 
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6) Step 6: By definition, every simulated estimate  [n + 1, vmax]. Divide [n + 1, vmax] into r disjoint 

intervals of equal width. r is a pre-set parameter whose default value is 200. Set a threshold 

  = k × c,  

where c is a coefficient whose default value is 0.04. Group the k simulated estimates by interval. 

Find every interval containing >  simulated estimates. Each such interval is regarded as a local 

mode. If the number of such intervals is ≥ 1, average the simulated estimates in all such intervals 

as the projected number of validation points needed for model training. Otherwise, if no such 

interval exists, the k simulated estimates spread relatively evenly across a wide range with no 

significant local mode. Their mean becomes the projected number of validation points needed 

for model training. 

4.5 IMPROVED PROGRESS INDICATION METHOD 

The basic progress indication method presented in Section 4.4 revises its predicted model training 

cost using information gathered at the validation points. Due to the sparsity of validation points, 

the resulting progress indicators often have a long delay in gathering information from enough 

validation points and obtaining relatively accurate progress estimates. We design the improved 

progress indication method to overcome this shortcoming by judiciously inserting extra validation 

points between the original validation points. 

In this section, we present our improved progress indication method for deep learning model 

training. Our presentation focuses on using deep learning for classification and the steps related to 

estimating the trend curve, the variance of the random noise, and the model training cost based 

upon the predicted number of original validation points needed for model training. The approaches 

to conduct Monte Carlo simulation to estimate the number of original validation points needed for 
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model training, to monitor the present model training speed, and to estimate the remaining model 

training time based upon the projected remaining model training cost and the present model 

training speed are identical to those used in our basic progress indication method for deep learning 

model training (see Section 4.4) and are omitted. 

This section is organized in the following way. Section 4.5.1 presents the innovation of the 

improved progress indication method for deep learning model training. Section 4.5.2 provides an 

overview of this new progress indication method. Section 4.5.3 presents our approach to insert extra 

validation points between the original validation points. Section 4.5.4 shows how to set V', the 

uniform size of the randomly sampled subset of the full validation set that will be used at each added 

validation point. Section 4.5.5 derives the relationship between the random noise’s variance and the 

size of the actual validation set used at the validation point. Section 4.5.6 shows how to estimate the 

trend curve and the variance of the random noise for future validation points. Section 4.5.7 describes 

how to determine Vmin, the minimum size needed for the randomly sampled subset of the full 

validation set used at an added validation point. Section 4.5.8 shows how to estimate the model 

training cost based upon the predicted number of original validation points needed for model 

training. 

In the rest of this chapter, whenever we mention validation points, we mean both original and 

added validation points, unless original validation points or added validation points are explicitly 

mentioned. 

4.5.1 Innovation of the Improved Progress Indication Method 

The objective of the improved progress indication method is to overcome our basic progress 

indication method’s shortcoming of having a long delay in obtaining relatively accurate progress 

estimates for the deep learning model training process. To obtain relatively accurate progress 
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estimates faster, our improved progress indication method for deep learning model training 

judiciously inserts extra validation points between the original validation points. The predicted 

model training cost is revised at both the original and the added validation points. Consequently, 

compared with our basic progress indication method, our improved progress indication method 

starts revising the predicted model training cost earlier and revises the predicted model training 

cost more frequently. This helps the progress indicator reduce its prediction error of the remaining 

model training time and obtain relatively accurate progress estimates faster. 

A good progress indicator should have a low run-time overhead [97]. In our improved progress 

indication method, a large part of the progress indicator’s run-time overhead comes from computing 

the validation error at the added validation points. To lower this part of the run-time overhead, at 

each added validation point, we calculate the validation error on a randomly sampled subset of the 

full validation set rather than on the full validation set. 

To fill in the rest of our improved progress indication method, we need to solve three technical 

challenges. First, we need to set 1) nj (j ≥ 0), the number of validation points to be added between 

the j-th and the (j+1)-th original validation points, and 2) V', the uniform size of the randomly 

sampled subset of the full validation set that will be used at each added validation point. Through 

theoretical reasoning, we show that nj should decrease as j increases. For this purpose, exponential 

decay works better than linear decay. V' is chosen to control the total overhead of computing the 

validation error at the validation points added before the first original validation point, while keeping 

the randomly sampled subset of the full validation set large enough for reasonably estimating the 

model’s generalization error [133] at each added validation point. 

Second, as in Section 4.4, we use the validation curve to predict when early stopping will occur. 

As shown in Figure 4.1, this curve shows the validation errors obtained over time, is non-smooth, 
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and can be regarded as the sum of some zero-mean random noise and a smooth trend curve. The 

random noise’s variance depends on the size of the actual validation set used at the validation point. 

The relationship between these two numbers is previously unknown and difficult to be derived 

directly. However, we need to know this relationship in order to use both the original and the added 

validation points to predict when early stopping will occur. Noting that the random noise’s variance 

is equal to the validation error’s variance, we use an indirect approach to derive this relationship. We 

first compute the conditional mean and the conditional variance of the validation error given the 

model’s generalization error, both of which can be expressed using the model’s generalization error 

and the size of the actual validation set used at the validation point. Then we use the conditional 

mean, the conditional variance, and the law of total variance [134] to compute the validation error’s 

variance, which is expressed using the mean and the variance of the model’s generalization error and 

the size of the actual validation set used at the validation point. 

Third, using the above-mentioned relationship and maximum likelihood estimation [134], we 

estimate the trend curve and the variance of the random noise. To the best of our knowledge, this is 

the first time that maximum likelihood estimation is employed for progress indication. The 

likelihood function is the product of multiple integrals, which are difficult to be used directly for 

numerical optimization. To overcome this hurdle, for each integral, we use the probability density 

function of a normal distribution to approximate a key component of the integrand. In this way, we 

acquire a simplified form of the likelihood function, which is easy to use for numerical optimization. 

We implemented our improved progress indication method in TensorFlow [66], an open-source 

software package for deep learning. We present our performance test results for both convolutional 

and recurrent neural networks. Our results show that compared with using our basic method, using 

this improved method reduces the progress indicator’s prediction error of the model training time 
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left by 57.5% on average. Also, with a low overhead, this improved method enables us to obtain 

relatively accurate progress estimates faster. 

4.5.2 Overview of the Improved Progress Indication Method 

This section provides an overview of the improved progress indication method for deep learning 

model training. To obtain relatively accurate progress estimates faster, we judiciously insert extra 

validation points between the original validation points. Using the validation errors obtained at both 

the original and the added validation points that we have encountered so far, we revise the predicted 

model training cost at both the original and the added validation points. Consequently, compared 

with our basic progress indication method, our improved progress indication method starts revising 

the predicted model training cost earlier and revises the predicted model training cost more 

frequently. This helps the progress indicator reduce its prediction error of the remaining model 

training time and obtain relatively accurate progress estimates faster. 

Our basic progress indication method roughly approximates the model training cost as the sum 

of two components: the cost to process the training instances and the cost to calculate the validation 

errors at the original validation points. In addition to these two components, our improved progress 

indication method adds a third component to the model training cost: the cost to calculate the 

validation errors at the added validation points. Our discussion of the model training cost focuses on 

these three dominating components. 

Similar to our basic progress indication method (see Section 4.4.2), to predict the model training 

cost, we mainly need to predict nv, the number of original validation points needed for model training. 

When model training starts, we estimate nv to be vmax, the maximum number of original validation 

points allowed for model training. We deem the validation curve to be the sum of some zero-mean 

random noise and a smooth trend curve. Our improved progress indication method uses four 
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parameters to estimate the trend curve and the variance of the random noise (see Section 4.5.6). Since 

at least v = 4 data points are needed to estimate the four parameters, we refine the estimated nv only 

when we reach a validation point whose sequence number is ≥ v and where the early stopping 

condition is unfulfilled. 

A good progress indicator should have a low run-time overhead [97]. In our improved progress 

indication method, a large part of the progress indicator’s run-time overhead comes from computing 

the validation error at the added validation points. To lower this part of the run-time overhead, at 

each added validation point, we calculate the validation error on a randomly sampled subset of the 

full validation set rather than on the full validation set. The sampling is done without replacement. 

The subset is usually much smaller than the full validation set and could be biased. If we keep using 

the same biased subset at each added validation point, the bias could have a large negative impact 

on our estimation accuracy of the trend curve, the variance of the random noise, and subsequently 

the model training cost. To address this issue, we re-sample the full validation set to obtain a new 

subset at each added validation point to calculate the validation error. Each subset includes the same 

number V' of data instances. At each original validation point, we use the full validation set to 

calculate the validation error. 

The random noise’s variance depends on the size of the actual validation set used at the 

validation point. We use an indirect approach to derive the relationship between these two numbers. 

Using this relationship, the validation curve obtained so far, and maximum likelihood estimation 

[134], we estimate the trend curve and the variance of the random noise for future validation points. 

We use the Monte Carlo simulation approach the same as in our basic progress indication method 

(see Section 4.4.5) to predict nv, the number of original validation points needed for model training. 

Finally, we revise the predicted model training cost based upon the projected nv. 
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4.5.3 Our Approach to Insert Extra Validation Points between the Original Validation Points 

This section describes our approach to insert extra validation points between the original validation 

points. We regard the beginning of model training as the 0-th original validation point, although 

the validation error is not computed there. For each pair of successive original validation points, 

we insert extra validation points evenly between them. More specifically, recall that g denotes the 

number of batches of model training between two consecutive original validation points. vmax 

denotes the maximum number of original validation points allowed for model training. nj (0 ≤ j ≤ 

vmax – 1) denotes the number of validation points to be added between the j-th and the (j+1)-th 

original validation points. When j = 0, n0 denotes the number of validation points to be added 

before the first original validation point. We ensure that nj is ≤ g – 1 for every j between 0 and vmax 

– 1. Starting from the j-th original validation point, we do 

 kg / (nj + 1)  

batches of model training to reach the k-th (1 ≤ k ≤ nj) of the nj validation points added between 

the j-th and the (j+1)-th original validation points. Here,  is the nearest integer function, e.g., 

4.4 = 4 and 4.6 = 5 

The rest of this section is organized in the following way. Section 4.5.3.1 provides an 

overview of how we set nj (0 ≤ j ≤ vmax – 1), the number of validation points to be added between 

the j-th and the (j+1)-th original validation points. Section 4.5.3.2 describes how to set n0, the 

number of validation points to be added before the first original validation point. Section 4.5.3.3 

shows how to set q, the constant regulating the decay rate of nj (0 ≤ j ≤ vmax – 1) in the exponential 

decay schema. 
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4.5.3.1 Overview of how we set nj (0 ≤ j ≤ vmax – 1) 

This section provides an overview of how we set nj (0 ≤ j ≤ vmax – 1), the number of validation 

points to be added between the j-th and the (j+1)-th original validation points. 

Recall that nv denotes the number of original validation points needed for model training. Our 

initial estimate of nv is usually inaccurate and is not refined until we reach the fourth validation point. 

As we accumulate more data points over time, our estimate of nv tends to become more accurate. To 

refine our initial estimate of nv as soon as possible and to obtain relatively accurate estimates of nv 

faster, we insert more validation points for use at the early stages of model training than at the later 

stages of model training. In other words, we decrease nj (0 ≤ j ≤ vmax – 1), the number of validation 

points to be added between the j-th and the (j+1)-th original validation points, as j increases. 

Furthermore, we want n0, the number of validation points to be added before the first original 

validation point, to be reasonably large. This is particularly the case when a non-trivial progress 

indicator is most needed: the training set is large, many batches of model training are performed 

between two successive validation points, and model training takes a long time. 

One could decrease nj either linearly or exponentially as j increases. For our purpose, 

exponential decay works better than linear decay. To compare these two decay schemata of nj and 

show this, we consider two model training processes that have the same setting except for the 

decay schema used. Recall that n0 denotes the number of validation points to be added before the 

first original validation point. vmax is the maximum number of original validation points allowed 

for model training. One model training process uses the exponential decay schema, where 

 nj = n0q
j (1 ≤ j ≤ vmax – 1),  

q (0 ≤ q < 1) is a constant regulating the decay rate of nj, and 00 is defined to be 1. The other model 

training process uses the linear decay schema, where 
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 nj = max(n0 – jz ) (1 ≤ j ≤ vmax – 1)  

and z is a constant > 0 regulating the decay rate of nj. Given the same mean cost of calculating the 

validation error at each added validation point, the total cost of calculating the validation errors at 

all added validation points is  the total number of validation points added between the original 

validation points. To have the same total cost of calculating the validation errors at all added 

validation points, in the two model training processes we insert the same total number of validation 

points between the original validation points. For a sufficiently large vmax, the total number of 

validation points added between the original validation points is roughly 

 ∑ 𝑛0𝑞𝑗+∞
𝑗=0 = 𝑛0/(1 − 𝑞)  

and 

 ∑ (𝑛0 − 𝑗𝑧)
⌊𝑛0/𝑧⌋
𝑗=0 ≈ 𝑛0

2/(2𝑧)  

for the exponential decay schema and the linear decay schema, respectively. Recall that we want n0 

to be reasonably large. Thus, we expect the n0 used in the linear decay schema to be typically > 2z / 

(1 – q). In this case, the n0 used in the exponential decay schema is larger than the n0 used in the 

linear decay schema. Adopting a larger n0 makes the early stage of model training include more 

added validation points, which is what we want. Thus, we employ the exponential decay schema 

instead of the linear decay schema. In the exponential decay schema, once n0 and q are set using the 

approach given in Sections 4.5.3.2 and 4.5.3.3, respectively, nj is known for each j between 0 and 

vmax – 1. 
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4.5.3.2 Setting n0 

In this section, we describe how to set n0, the number of validation points to be added before the 

first original validation point. When setting n0, we try to fulfill the following two requirements if 

possible: 

1) Requirement 1: When we finish the work at the fourth validation point, the model training cost 

that has been incurred is ≤ C units of work, where C is a pre-set number > 0. Requirement 1 is 

used to control the amount of time that elapses before we refine our beginning estimate of the 

model training cost for the first time at the fourth validation point. This amount should not be 

too large. 

2) Requirement 2: From when model training starts to the time we finish the work at the first 

original validation point, the cost to calculate the validation errors at the added validation points 

is ≤ c0P1. Here, P1 is a pre-set percentage > 0. c0 denotes the model training cost that has been 

incurred when we finish the work at the first original validation point, excluding the progress 

indicator’s overhead of calculating the validation errors at the added validation points. That is, 

c0 is = the cost to process the training instances before we reach the first original validation point 

+ the cost to calculate the validation error at the first original validation point. Requirement 2 is 

used to control the progress indicator’s overhead that has been incurred for calculating the 

validation errors at the added validation points when we finish the work at the first original 

validation point. This overhead should not be too large. 

These two requirements are soft requirements, as it may not always be possible to fully fulfill both 

requirements. 

We have two considerations when setting the value of C in Requirement 1. On one hand, to 

prevent the user of the deep learning software from waiting too long before our beginning estimate 
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of the model training cost is refined for the first time at the fourth validation point, we do not want 

C to be too large. On the other hand, the smaller the C, the more validation points need to be added 

before the first original validation point, and subsequently due to Requirement 2, the smaller the 

cost of calculating the validation error at an added validation point can be. At each added validation 

point, the cost to calculate the validation error is  the size of the randomly sampled subset of the 

full validation set used to calculate the validation error. If C is too small, this subset will not be 

large enough for reasonably estimating the model’s generalization error. This will lower the 

progress indicator’s projection accuracy of the model training cost and is undesirable. To strike a 

balance between the two considerations, we set C’s default value to 20,000 × the number of GPUs, 

TPUs, or CPUs used to train the model. This allows a non-trivial number of batches of model 

training to appear between two consecutive validation points, as a batch of model training typically 

involves much < 20,000 / 4 = 5,000 units of work on any GPU, TPU, or CPU. 

We have two considerations when setting the value of P1 in Requirement 2. On one hand, we 

want P1 to be small so that the progress indicator does not cause a large increase in the model training 

cost during the period from when model training starts to the time we finish the work at the first 

original validation point. On the other hand, if P1 is too small, at each added validation point, the 

randomly sampled subset of the full validation set used to calculate the validation error will not be 

large enough for reasonably estimating the model’s generalization error. This is undesirable. There 

is also no need to make P1 too small. Recall that nj (0 ≤ j ≤ vmax – 1) denotes the number of validation 

points to be added between the j-th and the (j+1)-th original validation points. As nj decreases as j 

increases, the progress indicator’s overhead of calculating the validation errors at the validation 

points added before the first original validation point can be amortized over time during model 

training. To strike a balance between the two considerations, we set the default value of P1 to 5%. 
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Recall that c0 is the model training cost that has been incurred when we finish the work at the 

first original validation point, excluding the progress indicator’s overhead of calculating the 

validation errors at the added validation points. n0 denotes the number of validation points to be 

added before the first original validation point. We first compute c0 and then decide the value of 

n0. 

Computing c0 

Recall that g denotes the number of batches of model training between two consecutive original 

validation points. B is the number of training instances in every batch. c0 is the sum of two parts. The 

first part is the cost to process the training instances before we reach the first original validation point 

= the number of batches of model training before the first original validation point × the number 

of training instances in every batch × the mean amount of work taken to process a training 

instance one time in model training 

= g × B × 1 

= gB. 

In Section 4.4.2, we show that the mean amount of work taken to process a validation instance 

one time to calculate the validation error is 1/3 unit of work. Recall that V is the number of data 

instances that are in the full validation set. The second part of c0 is cv, the cost to calculate the 

validation error at the first original validation point. cv is 

= the number of data instances that are in the full validation set × the mean amount of work taken 

to process a validation instance one time to calculate the validation error 

= V/3. 

Adding the two components, we have c0 = gB + V/3. 
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Deciding the value of n0 

Recall that c0 is the model training cost that has been incurred when we finish the work at the 

first original validation point, excluding the progress indicator’s overhead of calculating the 

validation errors at the added validation points. P1 is the maximum allowed percentage increase in 

the model training cost that the progress indicator causes during the period from when model 

training starts to the time we finish the work at the first original validation point. C is the upper 

threshold of the model training cost that has been incurred when we finish the work at the fourth 

validation point. cv is the cost to calculate the validation error at the first original validation point. 

n0 denotes the number of validation points to be added before the first original validation point. 

 

Figure 4.2. Decomposition of the model training cost that has been incurred when we finish the 

work at the first original validation point. 

When setting n0, we try to fulfill Requirements 1 and 2 mentioned above if possible. In 

attempting to fulfill Requirement 2, we can aim the cost to calculate the validation errors at the n0 

validation points added before the first original validation point to be c0P1. There are two possible 

cases: 

1) Case 1: The model training cost that has been incurred when we are just about to arrive at the 

first original validation point is ≥ C (see Figure 4.2). That is, 

Model training starts An original 

validation point 

An added 

validation point 
Batches of model training 

c0P1 / n0 

C 

cv 

(c0 – cv) / (n0 + 1) 

c0(1 + P1) – cv 

c0 + c0P1 
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 c0 + c0P1 – cv = c0(1 + P1) – cv  

 ≥ C. 

In this case, we show that if n0 is set to 

 4[c0(1 + P1) – cv] / C  

that is ≥ 4, Requirement 1 is fulfilled. Here,  is the ceiling function, e.g., 4.4 = . We note 

that: 

a) The cost to calculate the validation error at each of the n0 validation points added before the 

first original validation point is c0P1 / n0. 

b) The cost to process the training instances that has been incurred when we are just about to 

arrive at the first original validation point is c0 – cv, which is > 0. With n0 validation points 

inserted before it, the first original validation point is the (n0 + 1)-th validation point. Thus, 

before we finish the work at the first original validation point, the cost to process the training 

instances between two successive validation points is (c0 – cv) / (n0 + 1). 

The fourth validation point is the fourth validation point added before the first original validation 

point. The model training cost that has been incurred when we finish the work at the fourth 

validation point is the sum of two components: 

a)  4c0P1 / n0, the cost to calculate the validation errors at the first four validation points added 

before the first original validation point; and 

b)  4(c0 – cv) / (n0 + 1), the cost to process the training instances before we reach the fourth 

validation point. 

Adding these two components, we get 

the model training cost that has been incurred when we finish the work at the fourth 

validation point 
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= 4c0P1 / n0 + 4(c0 – cv) / (n0 + 1) 

< 4c0P1 / n0 + 4(c0 – cv) / n0 

= 4[c0(1 + P1) – cv] / n0 

= C × 4[c0(1 + P1) – cv] / C / 4[c0(1 + P1) – cv] / C 

≤ C. 

This verifies that Requirement 1 is fulfilled. 

2) Case 2: The model training cost that has been incurred when we are just about to arrive at the 

first original validation point is < C. That is, 

 c0(1 + P1) – cv < C.  

In this case, if n0 is set to  the fourth validation point is the fourth validation point added before 

the first original validation point. The model training cost that has been incurred when we finish 

the work at the fourth validation point is < that when we are just about to arrive at the first original 

validation point, and thus is < C. This shows that Requirement 1 is fulfilled. 

Recall that g denotes the number of batches of model training between two consecutive original 

validation points. At least one batch of model training needs to occur between two successive 

validation points. Thus, n0 cannot exceed g – 1. To fulfill this, we set n0 to 

 min(4[c0(1 + P1) – cv] / C, g – 1)  

if c0(1 + P1) – cv is ≥ C. Otherwise, if c0(1 + P1) – cv is < C, we set n0 to min( g – 1). 

4.5.3.3 Setting q 

In this section, we show how to set q, the constant regulating the decay rate of nj (0 ≤ j ≤ vmax – 1) in 

the exponential decay schema. Recall that vmax denotes the maximum number of original validation 

points allowed for model training. nj (0 ≤ j ≤ vmax – 1) denotes the number of validation points to be 

added between the j-th and the (j+1)-th original validation points. n0 denotes the number of validation 
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points to be added before the first original validation point. In the exponential decay schema, nj 

= n0q
j (0 ≤ j ≤ vmax – 1). 

Let pj (1 ≤ j ≤ vmax) denote the percentage increase in the model training cost that the progress 

indicator causes during the period from when model training starts to the time we finish the work at 

the j-th original validation point. When setting q, we try to fulfill the following requirement if 

possible: 

Requirement 3: 𝑝𝑣𝑚𝑎𝑥
 is ≤ Pv, where Pv is a pre-set percentage > 0. 

This requirement is a soft requirement, as it may not always be possible to fully fulfill this 

requirement. 

The increase in the model training cost caused by the progress indicator comes from 

calculating the validation errors at the added validation points. Since the same number of validation 

instances are used to calculate the validation error at each added validation point, the cost to 

calculate the validation error at an added validation point is a constant. Thus, during the period 

from when model training starts to the time we finish the work at the j-th (1 ≤ j ≤ vmax) original 

validation point, the increase in the model training cost caused by the progress indicator is ∝

∑ 𝑛𝑘
𝑗−1
𝑘=0 , the total number of validation points added before the j-th original validation point. 

During the same period, the model training cost excluding the progress indicator’s overhead of 

calculating the validation errors at the added validation points is  j, as both the cost to process 

the training instances between two successive original validation points and the cost to calculate 

the validation error at an original validation point are constants. As the ratio of the increase in the 

model training cost caused by the progress indicator to the model training cost excluding the 

progress indicator’s overhead, pj (1 ≤ j ≤ vmax) is 

 ∝ ∑ 𝑛𝑘/𝑗
𝑗−1
𝑘=0   
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 = ∑ ⌊𝑛0𝑞𝑘⌉/𝑗
𝑗−1
𝑘=0 . (4.2) 

As j increases, nj and subsequently pj strictly decrease. Thus, Pv in Requirement 3 should be < 

P1, the maximum allowed percentage increase in the model training cost that the progress indicator 

causes during the period from when model training starts to the time we finish the work at the first 

original validation point. In addition, we have two other considerations when setting the value of Pv. 

On the one hand, we want Pv to be small, as a good progress indicator should have a low run-time 

overhead [97]. On the other hand, the larger the Pv, the more validation points we can add before 

model training finishes. This helps us obtain more accurate progress estimates for the model training 

process. To strike a balance between these two considerations, we set the default value of Pv to 0.5%. 

Recall that when deciding the value of n0, we aim p1 to be = P1 in attempting to fulfill 

Requirement 2. In the following derivation used to set q, we regard p1 to be = P1. There are two 

possible cases: 1) vmax is < P1 / Pv and 2) vmax is ≥ P1 / Pv. We discuss the two cases sequentially. 

Case 1: vmax is < P1 / Pv 

We first discuss the case when vmax is < P1 / Pv. Recall that vmax denotes the maximum number 

of original validation points allowed for model training. nj (0 ≤ j ≤ vmax – 1) denotes the number of 

validation points to be added between the j-th and the (j+1)-th original validation points. q (0 ≤ q < 

1) is the constant regulating the decay rate of nj in the exponential decay schema. P1 is the maximum 

allowed percentage increase in the model training cost that the progress indicator causes during the 

period from when model training starts to the time we finish the work at the first original validation 

point. pj (1 ≤ j ≤ vmax) is the percentage increase in the model training cost that the progress indicator 

causes during the period from when model training starts to the time we finish the work at the j-th 

original validation point. We regard p1 to be = P1. 
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Formula (4.2) shows that pj (1 ≤ j ≤ vmax) is 

 ∝ ∑ ⌊𝑛0𝑞𝑘⌉/𝑗
𝑗−1
𝑘=0 .  

For j = vmax, we have 

 𝑝𝑣𝑚𝑎𝑥
∝ ∑ ⌊𝑛0𝑞𝑘⌉/𝑣𝑚𝑎𝑥

𝑣𝑚𝑎𝑥−1
𝑘=0 .  

For j = 1, we have 

 p1  n0 / 1. 

When q is 0, 𝑝𝑣𝑚𝑎𝑥
 reaches its smallest value, which is  n0 / vmax and is = p1 / vmax = P1 / vmax. 

When vmax is < P1 / Pv, 𝑝𝑣𝑚𝑎𝑥
 must be > Pv. Requirement 3 cannot be fully fulfilled. To minimize 

𝑝𝑣𝑚𝑎𝑥
 and fulfill Requirement 3 as much as possible, we set q to 0. 

Case 2: vmax is ≥ P1 / Pv 

Next, we discuss the case when vmax is ≥ P1 / Pv. When vmax is = P1 / Pv, we set q to 0 to let 𝑝𝑣𝑚𝑎𝑥
 

reach its smallest value P1 / vmax = Pv and fulfill Requirement 3. When vmax is > P1 / Pv, we proceed 

as follows. 

Formula (4.2) shows that pj (1 ≤ j ≤ vmax) is 

 ∝ ∑ ⌊𝑛0𝑞𝑘⌉/𝑗
𝑗−1
𝑘=0   

 ≈ ∑ 𝑛0𝑞𝑘/𝑗
𝑗−1
𝑘=0 . (4.3)  

For j = vmax, we roughly have 

 𝑝𝑣𝑚𝑎𝑥
∝ ∑ 𝑛0𝑞𝑘/𝑣𝑚𝑎𝑥

𝑣𝑚𝑎𝑥−1
𝑘=0 . (4.4)  

For j = 1, we have 

 p1  n0 / 1. (4.5)  
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Dividing each side of formula (4.4) by the corresponding side of formula (4.5), we roughly have 

 𝑝𝑣𝑚𝑎𝑥
/𝑝1 = ∑ 𝑞𝑘𝑣𝑚𝑎𝑥−1

𝑘=0 /𝑣𝑚𝑎𝑥. (4.6)  

Regarding p1 to be = P1 and rearranging formula (4.6) lead to 

 ∑ 𝑞𝑘𝑣𝑚𝑎𝑥−1
𝑘=0 − 𝑣𝑚𝑎𝑥𝑝𝑣𝑚𝑎𝑥

/𝑃1 = 0.   

If we make the function of q 

 𝑓(𝑞) ≝ ∑ 𝑞𝑘𝑣𝑚𝑎𝑥−1
𝑘=0 − 𝑣𝑚𝑎𝑥𝑃𝑣/𝑃1   

 = 0, 

we can have 𝑝𝑣𝑚𝑎𝑥
= 𝑃𝑣 and fulfill Requirement 3. Recall that P1 > Pv > 0. The following theorem 

holds.   

Theorem. For any vmax > P1 / Pv, f(q) must have a unique root q in (0, 1). 

Proof. For each k (1 ≤ k ≤ vmax – 1), qk is continuous and strictly increasing on [0, 1]. Thus, f(q) is 

continuous and strictly increasing on [0, 1]. 

 f(0) = 1 – vmaxPv / P1  

is < 0 because vmax is > P1 / Pv. 

 f(1) = vmax – vmaxPv / P1  

is > 0 because P1 is > Pv. According to the intermediate value theorem [135], f(q) must have a root 

in (0, 1). As f(q) is strictly increasing on [0, 1], this root is unique.  █ 

For any q ≠ 1, f(q) is 

 = (1 − 𝑞𝑣𝑚𝑎𝑥)/(1 − 𝑞) − 𝑣𝑚𝑎𝑥𝑃𝑣/𝑃1.   
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We use the bisection method to find f(q)’s unique root in (0, 1) and set q to this root. 

In summary, we set q to 0 if vmax is ≤ P1 / Pv. Otherwise, if vmax is > P1 / Pv, we set q to f(q)’s 

unique root in (0, 1). 

The shape of pj as a function of j 

Recall that pj (1 ≤ j ≤ vmax) strictly decreases as j increases. In this section, we show that pj 

decreases quickly as j increases, indicating that the progress indicator usually has a low run-time 

overhead. 

When vmax is ≤ P1 / Pv, q is set to 0. Formula (4.2) shows that pj (1 ≤ j ≤ vmax) is 

 ∝ ∑ ⌊𝑛0𝑞𝑘⌉/𝑗
𝑗−1
𝑘=0   

 = n0 / j.  

For j = 1, we have 

 p1  n0 / 1.  

Thus, pj = p1 / j. This is a rapidly decreasing function of j. Typically, the patience p in the early 

stopping condition is ≥ 2. When the early stopping condition is fulfilled, we have encountered ≥ 3 

original validation points (i.e., j ≥ 3) and pj is ≤ 5% / 3  1.7% if p1 is = P1 = 5%. 

When vmax is > P1 / Pv, q is set to a number in (0, 1). Formula (4.3) shows that pj (1 ≤ j ≤ vmax) 

is roughly 

 ∝ ∑ 𝑛0𝑞𝑘/𝑗
𝑗−1
𝑘=0   

 = n0 (1 – qj) / (1 – q) / j  

 < n0 / (1 – q) / j.  

Since p1 is  n0 / 1, pj decreases faster than p1 / (1 – q) / j as j increases. Figure 4.3 shows a typical 

shape of pj as a function of j. 
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Figure 4.3. A typical shape of pj as a function of j. 

4.5.4 Setting V' 

At each added validation point, we use a distinct randomly sampled subset of the full validation set 

to calculate the validation error. Every subset contains the same number of data instances. In this 

section, we show how to set V', the number of data instances that are in the subset. 

In Section 4.4.2, we show that the mean amount of work taken to process a validation instance 

one time to calculate the validation error is 1/3 unit of work. The cost to calculate the validation 

errors at the n0 validation points added before the first original validation point is 

= n0 × the number of data instances that are in the randomly sampled subset of the full validation 

set used at each added validation point × the mean amount of work taken to process a validation 

instance one time to calculate the validation error 

= n0V'/3. 

Recall that c0 is the model training cost that has been incurred when we finish the work at the first 

original validation point, excluding the progress indicator’s overhead of calculating the validation 

errors at the added validation points. P1 is the maximum allowed percentage increase in the model 

training cost that the progress indicator causes during the period from when model training starts 

to the time we finish the work at the first original validation point. If we set 

 V' = c0P1 / n0 / (1/3)  

 = 3c0P1 / n0,  
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we have n0V'/3  c0P1 fulfilling Requirement 2. 

As described in Sections 4.5.6.1 and 4.5.7, our estimation method of the trend curve and the 

variance of the random noise requires V' to be ≥ a threshold Vmin. This may occasionally cause 

Requirement 2 to be not fully fulfilled. Moreover, V' should be ≤ V, the number of data instances 

that are in the full validation set. Given all the above considerations, we set 

 V' = min(max(3c0P1 / n0, Vmin), V). (4.7)  

4.5.5 Relationship between the Random Noise’s Variance and the Size of the Actual 

Validation Set Used at the Validation Point 

At each original validation point, the actual validation set used is the full validation set. At each 

added validation point, the actual validation set used is a randomly sampled subset of the full 

validation set. Recall that we deem the validation curve to be the sum of some zero-mean random 

noise and a smooth trend curve. The random noise’s variance depends on the size of the actual 

validation set used at the validation point. The relationship between these two numbers is previously 

unknown and difficult to be derived directly. However, we need to know this relationship in order 

to use both the original and the added validation points to predict when early stopping will occur. 

Noting that the random noise’s variance is equal to the validation error’s variance, we use an indirect 

approach to derive this relationship in two steps: 

1) Step 1: Compute the conditional mean and the conditional variance of the validation error given 

the model’s generalization error [133], both of which can be expressed using the model’s 

generalization error and the size of the actual validation set used at the validation point. 

2) Step 2: Use the conditional mean, the conditional variance, and the law of total variance [134] 

to compute the validation error’s variance, which is expressed using the mean and the variance 



108 

 

 

of the model’s generalization error and the size of the actual validation set used at the validation 

point. 

In the following, we first define a model’s generalization error and then present the two steps 

sequentially. 

A model’s generalization error 

For a classification task, a model’s generalization error is defined as the probability that a data 

instance is misclassified by the model [133]. A deep learning model’s generalization error at any 

validation point is a random variable, as three factors introduce randomness into the model training 

process. First, the model is trained in batches using stochastic gradient descent (SGD) [62]. Each 

batch processes B training instances randomly chosen from the training set. Second, the weights of 

the neural network model are frequently randomly initialized [62]. Third, dropout [92] is often used 

in model training. When using dropout, in every batch of model training, we randomly omit some 

nodes along with their connections of the neural network model. 

Step 1: Compute the conditional mean and the conditional variance of the validation error given the 

model’s generalization error 

Let Vj (Vj ≥ 1) denote the number of data instances that are in the actual validation set used at 

the j-th validation point. If the j-th validation point is an original validation point, Vj is = V, the 

number of data instances that are in the full validation set. If the j-th validation point is an added 

validation point, Vj is = V', the uniform number of data instances that are in the randomly sampled 

subset of the full validation set used at each added validation point. Let ej (0 ≤ ej ≤ 1) denote the 

model’s generalization error at the j-th validation point, cj denote the number of validation instances 
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that are misclassified by the model and in the actual validation set used at the j-th validation point, 

and 

 𝑒̂𝑗 = 𝑐𝑗/𝑉𝑗 (0 ≤ 𝑒̂𝑗 ≤ 1) (4.8)  

denote the validation error of the model at the j-th validation point. As an estimate of ej, 𝑒̂𝑗 is a 

discrete random variable. 

A standard assumption used in machine learning is that all data instances are independently and 

identically sampled from an underlying distribution [133]. The probability that a data instance is 

misclassified by the model is ej. Given ej, cj follows a binomial distribution. Its probability mass 

function is 

 𝑃(𝑐𝑗|𝑒𝑗) = (𝑉𝑗
𝑐𝑗

) 𝑒
𝑗

𝑐𝑗(1 − 𝑒𝑗)𝑉𝑗−𝑐𝑗. (4.9)  

The conditional mean and the conditional variance of cj given ej are E(cj|ej) = Vjej and Var(cj|ej) = 

Vjej(1 – ej), respectively. From formulas (4.8) and (4.9), we have 

 𝐸(𝑒̂𝑗|𝑒𝑗) = 𝐸(𝑐𝑗|𝑒𝑗)/𝑉𝑗   

 = 𝑒𝑗 (4.10)  

and 

 𝑉𝑎𝑟(𝑒̂𝑗|𝑒𝑗) = 𝑉𝑎𝑟(𝑐𝑗|𝑒𝑗)/𝑉𝑗
2   

 = 𝑒𝑗(1 − 𝑒𝑗)/𝑉𝑗. (4.11)  

Step 2: Compute the validation error’s variance 

Recall that Vj (Vj ≥ 1) denotes the number of data instances that are in the actual validation set 

used at the j-th validation point. 𝑒̂𝑗 denotes the validation error of the model at the j-th validation 

point. ej denotes the model’s generalization error at the j-th validation point. Let μj (0 ≤ μj ≤ 1) and 
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𝜎𝑗
2 denote the mean and the variance of ej, respectively. Given two random variables X and Y, the 

law of total variance [134] is 

 Var(X) = E[Var(X|Y)] + Var[E(X|Y)].   

We have 

 𝑉𝑎𝑟(𝑒̂𝑗) = 𝐸[𝑉𝑎𝑟(𝑒̂𝑗|𝑒𝑗)] + 𝑉𝑎𝑟[𝐸(𝑒̂𝑗|𝑒𝑗)]   

 = 𝐸[𝑒𝑗(1 − 𝑒𝑗)/𝑉𝑗] + 𝑉𝑎𝑟(𝑒𝑗) (plug in formulas (4.10) and (4.11)) 

 = [𝐸(𝑒𝑗) − 𝐸(𝑒𝑗
2)]/𝑉𝑗 + 𝜎𝑗

2   

 = [𝜇𝑗 − (𝑉𝑎𝑟(𝑒𝑗) + 𝐸(𝑒𝑗)2)]/𝑉𝑗 + 𝜎𝑗
2 (as Var(X) = E(X2) – E(X)2)  

 = (𝜇𝑗 − 𝜎𝑗
2 − 𝜇𝑗

2)/𝑉𝑗 + 𝜎𝑗
2  

 = (𝜇𝑗 − 𝜇𝑗
2)/𝑉𝑗 + (1 − 1/𝑉𝑗)𝜎𝑗

2. (4.12)  

At the j-th validation point, the variance of the random noise is = 𝑉𝑎𝑟(𝑒̂𝑗) computed by formula 

(4.12). 

4.5.6 Estimating the Trend Curve and the Variance of the Random Noise for Future 

Validation Points 

Recall that we re-estimate the number of original validation points needed for model training only 

when we reach a validation point whose sequence number is ≥ v and where the early stopping 

condition is unfulfilled. In this section, we show at such a validation point, how to estimate the 

trend curve and the variance of the random noise for future validation points. To do this, we need 

to only estimate for each j ≥ 1, the mean μj and the variance 𝜎𝑗
2 of the model’s generalization error 

at the j-th validation point. Once μj and 𝜎𝑗
2 are obtained, the random noise’s variance at the j-th 

validation point can be computed by formula (4.12). Moreover, the trend curve’s value at the j-th 

validation point is = μj. To show this, recall that 𝑒̂𝑗 is the validation error of the model at the j-th 
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validation point. ej is the model’s generalization error at the j-th validation point. We deem the 

validation curve to be the sum of some zero-mean random noise and a smooth trend curve. The 

trend curve’s value at the j-th validation point is = 𝐸(𝑒̂𝑗). Given two random variables X and Y, 

the law of total expectation [134] is 

 E(X) = E[E(X|Y)].  

We have 

 𝐸(𝑒̂𝑗) = 𝐸[𝐸(𝑒̂𝑗|𝑒𝑗)] 

 = 𝐸(𝑒𝑗) (plug in formula (4.10))  

 = 𝜇𝑗. 

We use maximum likelihood estimation [134] to estimate μj and 𝜎𝑗
2 . To the best of our 

knowledge, this is the first time that maximum likelihood estimation is used for progress indication. 

We consider three cases: 1) a continuous decay method is applied to the learning rate, 2) a constant 

learning rate is adopted, and 3) a step decay method is applied to the learning rate. The three cases 

are handled in Sections 4.5.6.1 to 4.5.6.3, respectively. 

4.5.6.1 Estimating μj and 𝜎𝑗
2 when a continuous decay method is applied to the learning rate 

This section describes how to estimate for each j ≥ 1, the mean μj and the variance 𝜎𝑗
2 of the model’s 

generalization error at the j-th validation point when the learning rate changes over time based upon 

a continuous decay method. In such a decay schedule, the learning rate continuously decreases over 

epochs. For instance, in an exponential decay method, the learning rate adopted in the k-th epoch (k 

≥ 1) is r0e
–(k–1)ρ (see Figure 4.4(A)). Here, ρ > 0 is a constant regulating the decay rate of the learning 

rate. r0 > 0 is the beginning learning rate. Figure 4.4(B) shows a typical validation curve in this case. 

To estimate μj and 𝜎𝑗
2, we need to estimate only four parameters: a, b, and c used to model μj and  
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used to model 𝜎𝑗
2 . In the following, we introduce these four parameters and then show how to 

estimate them. 

  
 (A) (B) 

Figure 4.4. The learning rate over epochs and a typical validation curve when an exponential 

decay schedule for the learning rate is used. 

(A) The learning rate over epochs. (B) A typical validation curve. 

a, b, and c used to model μj 

As in our basic progress indication method (see Section 4.4.3), we use an inverse power 

function [97, 127-130] to model the trend curve. Recall that the trend curve’s value at the j-th 

validation point is = μj, the mean of the model’s generalization error at the j-th validation point. 

Thus, we have 

 𝜇𝑗 = 𝑎𝑥𝑗
−𝑏 + 𝑐, (4.13) 

where a is > 0, b is > 0, c is > 0, j is the validation point’s sequence number, and xj is the normalized 

number of batches of model training finished before the j-th validation point 

≝ the number of batches of model training finished before the j-th validation point / the number 

of batches of model training between two consecutive original validation points. 

To estimate μj, we need to estimate only a, b, and c. 
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 used to model 𝜎𝑗
2 

The variance of the model’s generalization error varies with the learning rate. The learning 

rate regulates how much the weights of the neural network and therefore the model’s generalization 

error change over time as well as due to random variations. The larger the learning rate, the larger 

the changes are likely to be. When the learning rate is 0, neither the weights of the neural network 

nor the model’s generalization error would ever differ from their initial values. In this case, the 

variance of the model’s generalization error is 0. Based upon this insight, we deem the standard 

deviation and the variance of the model’s generalization error to be approximately  the learning 

rate and its square, respectively. Let λ > 0 denote the ratio of the variance of the model’s 

generalization error to the square of the learning rate. Let rj denote the learning rate right before 

the j-th validation point. The variance of the model’s generalization error at the j-th validation 

point is modelled by 

 𝜎𝑗
2 = 𝜆𝑟𝑗

2. (4.14) 

For each j ≥ 1, rj is known. To estimate 𝜎𝑗
2, we need to estimate only . 

Overview of estimating the parameters a, b, c, and  

We use maximum likelihood estimation [134] to estimate the parameters a, b, c, and . The 

likelihood function is the product of multiple integrals, which are difficult to be used directly for 

numerical optimization. To overcome this hurdle, for each integral, we use the probability density 

function of a normal distribution to approximate a key component of the integrand. In this way, we 

acquire a simplified form of the likelihood function, which is easy to use for numerical optimization. 

In the following, we show how to estimate the parameters a, b, c, and  in six steps. First, we 

present the likelihood function as the product of multiple probabilities. Second, we express each 
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probability as an integral. Third, we show how to approximate a key component of the integrand of 

the integral. Fourth, we give a simplified expression of the probability. Fifth, we describe the 

constrained numerical optimization problem for maximizing the likelihood function and estimating 

a, b, c, and . Finally, we discuss the software package and its setting used to do numerical 

optimization. 

The likelihood function 

We employ the validation curve up to the present validation point to estimate the parameters a, 

b, c, and . These parameters are then adopted to estimate the trend curve and the variance of the 

random noise for future validation points based upon formulas (4.12), (4.13), and (4.14). As an 

intuition, the validation points long before the present validation point may not well manifest the 

validation curve’s trend for future validation points and could be unsuited for estimating a, b, c, and 

. Like our basic progress indication method (see Section 4.4.3), to estimate a, b, c, and , we employ 

the last 

 w = min(n, w') 

validation points rather than all the validation points that we have reached so far. Here, n denotes the 

present validation point’s sequence number. w' is a pre-chosen window size with a default value of 

50. 

Recall that 𝑒̂𝑗 denotes the validation error of the model at the j-th validation point. We deem the 

validation curve to be the sum of some zero-mean random noise and a smooth trend curve. The trend 

curve’s value at the j-th validation point is = µj. Let j denote the random noise at the j-th validation 

point. We have 

 𝑒̂𝑗 = 𝜇𝑗 + 𝜀𝑗. 
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We regard the random noises at distinct validation points to be independent of each other. Formula 

(4.13) shows that µj is a function of a, b, and c. The likelihood function that we want to maximize 

and covers the validation errors at the last w validation points is 

 𝐿(𝑎, 𝑏, 𝑐, 𝜆|𝑒̂𝑛−𝑤+1, 𝑒̂𝑛−𝑤+2, . . . , 𝑒̂𝑛) 

 = 𝑃(𝑒̂𝑛−𝑤+1, 𝑒̂𝑛−𝑤+2, . . . , 𝑒̂𝑛; 𝑎, 𝑏, 𝑐, 𝜆) 

 = 𝑃(𝜇𝑛−𝑤+1 + 𝜀𝑛−𝑤+1,  𝜇𝑛−𝑤+2 + 𝜀𝑛−𝑤+2, . . . ,  𝜇𝑛 + 𝜀𝑛; 𝑎, 𝑏, 𝑐, 𝜆) 

 = 𝑃(𝜀𝑛−𝑤+1, 𝜀𝑛−𝑤+2, . . . , 𝜀𝑛; 𝑎, 𝑏, 𝑐, 𝜆) 

 = ∏ 𝑃(𝜀𝑗; 𝑎, 𝑏, 𝑐, 𝜆)𝑛
𝑗=𝑛−𝑤+1  

 = ∏ 𝑃(𝜇𝑗 + 𝜀𝑗; 𝑎, 𝑏, 𝑐, 𝜆)𝑛
𝑗=𝑛−𝑤+1  

 = ∏ 𝑃(𝑒̂𝑗; 𝑎, 𝑏, 𝑐, 𝜆)𝑛
𝑗=𝑛−𝑤+1  (4.15) 

Expressing 𝑃(𝑒̂𝑗; 𝑎, 𝑏, 𝑐, 𝜆) as an integral 

Recall that 𝑒̂𝑗 and ej (0 ≤ ej ≤ 1) are the validation error and the model’s generalization error at 

the j-th validation point, respectively. Using the law of total probability and Bayes’ theorem [134], 

we have 

 𝑃(𝑒̂𝑗; 𝑎, 𝑏, 𝑐, 𝜆) 

 = ∫ 𝑃(𝑒̂𝑗 , 𝑒𝑗; 𝑎, 𝑏, 𝑐, 𝜆)𝑑𝑒𝑗
1

0
 

 = ∫ 𝑃(𝑒̂𝑗|𝑒𝑗; 𝑎, 𝑏, 𝑐, 𝜆)𝑃(𝑒𝑗; 𝑎, 𝑏, 𝑐, 𝜆)𝑑𝑒𝑗
1

0
. (4.16) 

Recall that µj and 𝜎𝑗
2 are the mean and the variance of the model’s generalization error at the j-

th validation point, respectively. Formula (4.13) shows that µj is a function of a, b, and c. Formula 

(4.14) shows that 𝜎𝑗
2 is a function of  We regard ej to follow a normal distribution with mean μj 

and variance 𝜎𝑗
2. That is, 

 𝑃(𝑒𝑗; 𝑎, 𝑏, 𝑐, 𝜆)  =  𝑃(𝑒𝑗; 𝜇𝑗 , 𝜎𝑗
2) 
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 =  
1

√2𝜋𝜎𝑗
2

exp (−
(𝑒𝑗−𝜇𝑗)2

2𝜎𝑗
2 ) (4.17) 

Recall that cj is the number of validation instances that are misclassified by the model and in the 

actual validation set used at the j-th validation point. Vj is the number of data instances that are in the 

actual validation set used at the j-th validation point. We have 

 𝑃(𝑒̂𝑗|𝑒𝑗; 𝑎, 𝑏, 𝑐, 𝜆) 

 = 𝑃(𝑐𝑗/𝑉𝑗|𝑒𝑗; 𝑎, 𝑏, 𝑐, 𝜆) (plug in formula (4.8)) 

 = 𝑃(𝑐𝑗|𝑒𝑗) 

 = (𝑉𝑗
𝑐𝑗

) 𝑒
𝑗

𝑐𝑗(1 − 𝑒𝑗)𝑉𝑗−𝑐𝑗 (plug in formula (4.9)) 

 = (
𝑉𝑗

𝑉𝑗𝑒̂𝑗
) 𝑒

𝑗

𝑉𝑗𝑒̂𝑗(1 − 𝑒𝑗)𝑉𝑗(1−𝑒̂𝑗). (𝑐𝑗 = 𝑉𝑗𝑒̂𝑗 based upon formula (4.8)) 

When maximizing the likelihood function, we can ignore the positive constant (
𝑉𝑗

𝑉𝑗𝑒̂𝑗
) and focus on 

 𝑃(𝑒̂𝑗|𝑒𝑗; 𝑎, 𝑏, 𝑐, 𝜆) ∝ 𝑒
𝑗

𝑉𝑗𝑒̂𝑗(1 − 𝑒𝑗)𝑉𝑗(1−𝑒̂𝑗). (4.18) 

Plugging formulas (4.17) and (4.18) into formula (4.16), we get 

 𝑃(𝑒̂𝑗; 𝑎, 𝑏, 𝑐, 𝜆)  

 ∝ ∫ 𝑒
𝑗

𝑉𝑗𝑒̂𝑗(1 − 𝑒𝑗)𝑉𝑗(1−𝑒̂𝑗) 1

√2𝜋𝜎𝑗
2

exp (−
(𝑒𝑗−𝜇𝑗)2

2𝜎𝑗
2 ) 𝑑𝑒𝑗

1

0
. (4.19) 

Approximating 𝑒
𝑗

𝑉𝑗𝑒̂𝑗(1 − 𝑒𝑗)𝑉𝑗(1−𝑒̂𝑗) 

Formula (4.15) shows that the likelihood function is the product of multiple integrals of the 

form given in formula (4.19). This form is difficult to be used directly for numerical optimization. 

To overcome the hurdle, for each integral, we use the probability density function of a normal 

distribution to approximate 
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 𝑒
𝑗

𝑉𝑗𝑒̂𝑗(1 − 𝑒𝑗)𝑉𝑗(1−𝑒̂𝑗),  

a key component of the integrand. This enables us to obtain a simplified form of the integral, which 

is easy to use for numerical optimization. 

Recall that Vj is the number of data instances that are in the actual validation set used at the j-th 

validation point. 𝑒̂𝑗 and ej (0 ≤ ej ≤ 1) are the validation error and the model’s generalization error at 

the j-th validation point, respectively. When we reach the j-th validation point, both Vj and 𝑒̂𝑗 are 

known. 

 𝑒
𝑗

𝑉𝑗𝑒̂𝑗(1 − 𝑒𝑗)𝑉𝑗(1−𝑒̂𝑗) 

is  a beta distribution’s probability density function [134] 

 x–1(1 – x)–1 / B(, ), 

where x = ej (0 ≤ x ≤ 1) is the variable, 

 𝛼 = 𝑉𝑗𝑒̂𝑗 + 1, 

 𝛽 = 𝑉𝑗(1 − 𝑒̂𝑗) + 1, 

and B(, ) is a normalization constant. The mean and the variance of the beta distribution are 

 𝜇𝑗
′ = 𝛼/(𝛼 + 𝛽) 

 = (𝑉𝑗𝑒̂𝑗 + 1)/(𝑉𝑗 + 2)  

and 

 𝜎𝑗
′2 = 𝛼𝛽/[(𝛼 + 𝛽)2(𝛼 + 𝛽 + 1)] 

 = (𝑉𝑗𝑒̂𝑗 + 1)[𝑉𝑗(1 − 𝑒̂𝑗) + 1]/[(𝑉𝑗 + 2)2(𝑉𝑗 + 3)],   

respectively. 
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When  is ≥ 10 and  is ≥ 10, we can approximate the beta distribution by a normal distribution 

that has the same mean and variance as the beta distribution [136]. That is, we roughly have 

 𝑒
𝑗

𝑉𝑗𝑒̂𝑗(1 − 𝑒𝑗)𝑉𝑗(1−𝑒̂𝑗) ∝
1

√𝜎𝑗
′2

exp (−
(𝑒𝑗−𝜇𝑗

′)2

2𝜎𝑗
′2 ). (4.20) 

Usually, Vj is large enough to make  ≥ 10 and  ≥ 10. For example, even if 𝑒̂𝑗 is as small as 0.02, 

having Vj ≥ 450 is sufficient to make  ≥ 10 and  ≥ 10. Occasionally for an j, which typically links 

to an added validation point, Vj may not be large enough to make  ≥ 10 and  ≥ 10. In this case, we 

employ the approach described in Section 4.5.7 to increase Vj and make  ≥ 10 and  ≥ 10 if possible. 

Regardless of whether  is ≥ 10 and  is ≥ 10, we always use formula (4.20) to simplify the 

expression of 𝑃(𝑒̂𝑗; 𝑎, 𝑏, 𝑐, 𝜆) 

Computing a simplified expression of 𝑃(𝑒̂𝑗; 𝑎, 𝑏, 𝑐, 𝜆) 

Plugging formula (4.20) into formula (4.19), the integrand in formula (4.19) is roughly 

 ∝
1

√𝜎𝑗
′2

exp (−
(𝑒𝑗−𝜇𝑗

′)2

2𝜎𝑗
′2 )

1

√2𝜋𝜎𝑗
2

exp (−
(𝑒𝑗−𝜇𝑗)2

2𝜎𝑗
2 )  

 =
1

√𝜎𝑗
2+𝜎𝑗

′2
exp (−

(𝜇𝑗
′−𝜇𝑗)2

2(𝜎𝑗
2+𝜎𝑗

′2)
) [

1

√2𝜋𝜎̃𝑗
2

exp (−
(𝑒𝑗−𝜇̃𝑗)2

2𝜎̃𝑗
2 )], (4.21) 

where 

 𝜇𝑗 = (𝜎𝑗
2𝜇𝑗

′ + 𝜎𝑗
′2𝜇𝑗 )/(𝜎𝑗

2 + 𝜎𝑗
′2) (4.22) 

and 

 𝜎̃𝑗
2 = 𝜎𝑗

2𝜎𝑗
′2/(𝜎𝑗

2 + 𝜎𝑗
′2). (4.23) 
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In formula (4.21), the part in the square brackets is the probability density function of a normal 

distribution with mean 𝜇𝑗  and variance 𝜎̃𝑗
2. The part outside the square brackets has nothing to do 

with ej. Let Φ(x) denote the cumulative distribution function of a standard normal distribution [134]. 

Plugging formula (4.21) into formula (4.19), we roughly have 

 𝑃(𝑒̂𝑗; 𝑎, 𝑏, 𝑐, 𝜆)  

 ∝
1

√𝜎𝑗
2+𝜎𝑗

′2
exp (−

(𝜇𝑗
′−𝜇𝑗)

2

2(𝜎𝑗
2+𝜎𝑗

′2)
) ∫

1

√2𝜋𝜎̃𝑗
2

exp (−
(𝑒𝑗−𝜇̃𝑗)2

2𝜎̃𝑗
2 ) 𝑑𝑒𝑗

1

0
  

 =
1

√𝜎𝑗
2+𝜎𝑗

′2
exp (−

(𝜇𝑗
′−𝜇𝑗)

2

2(𝜎𝑗
2+𝜎𝑗

′2)
) [𝛷 (

1−𝜇̃𝑗

𝜎̃𝑗
) − 𝛷 (

−𝜇̃𝑗

𝜎̃𝑗
)]. (4.24) 

Maximizing the likelihood function 

According to formula (4.15), the log-likelihood function is 

 ∑ ln 𝑃(𝑒̂𝑗; 𝑎, 𝑏, 𝑐, 𝜆)𝑛
𝑗=𝑛−𝑤+1 . (4.25) 

Plugging formula (4.24) into formula (4.25) shows that to maximize the log-likelihood function, we 

only need to minimize 

 ∑ [ln(𝜎𝑗
2 + 𝜎𝑗

′2) +
(𝜇𝑗

′−𝜇𝑗)
2

𝜎𝑗
2+𝜎𝑗

′2 − 2ln (𝛷 (
1−𝜇̃𝑗

𝜎̃𝑗
) − 𝛷 (

−𝜇̃𝑗

𝜎̃𝑗
))]𝑛

𝑗=𝑛−𝑤+1 . (4.26) 

Plugging formulas (4.13) and (4.14) into formulas (4.22), (4.23), and (4.26), we obtain the objective 

function to be minimized: 

 ∑ [ln(𝜆𝑟𝑗
2 + 𝜎𝑗

′2) +
(𝜇𝑗

′−𝑎𝑥𝑗
−𝑏−𝑐)

2

𝜆𝑟𝑗
2+𝜎𝑗

′2 − 2ln (𝛷 (
1−𝜇̃𝑗

𝜎̃𝑗
) − 𝛷 (

−𝜇̃𝑗

𝜎̃𝑗
))]𝑛

𝑗=𝑛−𝑤+1 , (4.27) 

where 

 𝜇𝑗 = [𝜆𝑟𝑗
2𝜇𝑗

′ + 𝜎𝑗
′2(𝑎𝑥𝑗

−𝑏 + 𝑐)]/(𝜆𝑟𝑗
2 + 𝜎𝑗

′2) (4.28) 
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and 

 𝜎̃𝑗
2 = 𝜆𝑟𝑗

2𝜎𝑗
′2/(𝜆𝑟𝑗

2 + 𝜎𝑗
′2).  

This numerical optimization problem is subject to five constraints: a > 0, b > 0, c > 0, λ > 0, and 

 𝑎𝑥𝑛−𝑤+1
−𝑏 + 𝑐 ≤ 1.  

Recall that xj denotes the normalized number of batches of model training finished before the j-th 

validation point. To derive the last constraint, recall that w denotes the number of validation points 

used to estimate a, b, c, and . n denotes the present validation point’s sequence number. μj (0 ≤ μj ≤ 

1) is the mean of the model’s generalization error at the j-th validation point. Formula (4.13) shows 

that 

 𝜇𝑗 = 𝑎𝑥𝑗
−𝑏 + 𝑐.  

As j increases, xj strictly increases and hence μj strictly decreases. μj is always > 0. If 

 𝜇𝑛−𝑤+1 = 𝑎𝑥𝑛−𝑤+1
−𝑏 + 𝑐  

is ≤ 1, μj is in [0, 1] for each j between n – w + 1 and n. 

In summary, we estimate a, b, c, and λ by minimizing the objective function given by formula 

(4.27) subject to five constraints: a > 0, b > 0, c > 0, λ > 0, and 

 𝑎𝑥𝑛−𝑤+1
−𝑏 + 𝑐 ≤ 1. 

The software package and its setting used to do numerical optimization 

We use the interior-point algorithm [131, 137] implemented in the software package Artelys 

Knitro [138] to solve this constrained minimization problem. Typically, the estimated a, b, c, and λ 

are roughly on the order of magnitude of 0.1, 0.1 [127-129], 0.1, and 100, respectively. Accordingly, 
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when conducting numerical optimization, we initialize a, b, c, and λ to 0.1, 0.1, 0.1, and 100, 

respectively. 

During the constrained numerical optimization process, one could allow the constraints to be 

violated [131]. However, if the constraint 

 𝑎𝑥𝑛−𝑤+1
−𝑏 + 𝑐 ≤ 1 

is violated, 𝜇𝑗 could be > 1 for one or more j between n – w + 1 and n (see formula (4.28)). If 𝜇𝑗 is 

≫ 1 and 𝜎̃𝑗 is small, numerical underflow could occur in computing 

 𝛷((1 − 𝜇𝑗)/𝜎̃𝑗) − 𝛷(−𝜇𝑗/𝜎̃𝑗), 

causing issues when we compute 

 ln (𝛷((1 − 𝜇𝑗)/𝜎̃𝑗) − 𝛷(−𝜇̃𝑗/𝜎̃𝑗))   

in formula (4.27). To avoid this issue, we set the bar_feasible parameter in Artelys Knitro to either 

1 or 3 to ensure that the five constraints are always satisfied during the entire constrained numerical 

optimization process [131]. 

4.5.6.2 Estimating μj and 𝜎𝑗
2 when a constant learning rate is Adopted 

In this section, we describe how to estimate for each j ≥ 1, the mean μj and the variance 𝜎𝑗
2 of the 

model’s generalization error at the j-th validation point when a constant learning rate is used. This 

case is a special case of applying an exponential decay method to the learning rate, when the constant 

ρ regulating the decay rate of the learning rate is 0. We employ the same approach in Section 4.5.6.1 

to estimate μj and 𝜎𝑗
2 for each j ≥ 1. 
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4.5.6.3 Estimating μj and 𝜎𝑗
2 when a step decay method is applied to the learning rate 

This section describes how to estimate for each j ≥ 1, the mean μj and the variance 𝜎𝑗
2 of the model’s 

generalization error at the j-th validation point when the learning rate changes over time based upon 

a step decay method. 

 
 (A) (B) 

Figure 4.5. When the learning rate changes over time based upon a step decay method, the 

learning rate over epochs and an example validation curve. 

(A) The learning rate over epochs. (B) An example validation curve. 

As Figure 4.5(A) shows, in a step decay method, we cut the learning rate by a pre-chosen 

factor that is > 1 after a given number of epochs. This factor could change over epochs in a pre-

determined fashion. Figure 4.5(B) presents a correspondent example validation curve. A decay 

point is defined as an original validation point at which the learning rate is cut. The decay points 

partition the validation curve into several pieces. For every j ≥ 1, the first original validation point 

on the (j+1)-th piece is the j-th decay point. When model training begins, both the learning rate 

used on and the position of each piece are known. 

As we move from one piece of the validation curve to the next, both the learning rate and the 

variance of the model’s generalization error change. We consider this when estimating μj and 𝜎𝑗
2 for 

each j ≥ 1. As in Section 4.5.6.1, to estimate μj and 𝜎𝑗
2, we need to estimate only the four parameters 

a, b, c, and  used to model μj and 𝜎𝑗
2. There are two possible cases: 1) the present validation point 
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resides on the first piece of the validation curve, and 2) the present validation point resides on the k-

th (k ≥ 2) piece of the validation curve. We discuss the two cases sequentially. 

Case 1: The present validation point resides on the first piece of the validation curve 

When the present validation point resides on the first piece of the validation curve, we adopt the 

method in Section 4.5.6.1 to estimate a, b, c, and . 

Case 2: The present validation point resides on the k-th (k ≥ 2) piece of the validation curve 

Next, we discuss the case of the present validation point residing on the k-th (k ≥ 2) piece of the 

validation curve. As shown in Figure 4.5(B), because of the decay of the learning rate at a decay 

point, the validation curve frequently drops abruptly at this point as well as at the next few validation 

points. As Figure 4.6 shows, when one arrives at a validation point that is not far after such a decay 

point, this drop could result in an inaccurately estimated trend curve if the estimation method in 

Section 4.5.6.1 were used. 

 
Figure 4.6. Employing the method in Section 4.5.6.1 to estimate the trend curve when one arrives 

at a validation point that is not far after the most recent decay point. 

To deal with this issue, we revise the estimation method in Section 4.5.6.1. Let lj (j ≥ 1) denote 

the number of validation points that are on the j-th piece of the validation curve. Each lj is known 



124 

 

 

beforehand. Recall that at least v = 4 data points are needed to estimate a, b, c, and . Usually, lj is 

≥ v for each j ≥ 1. 

 𝑠𝑘−1 = ∑ 𝑙𝑗
𝑘−1
𝑗=1    

is the sequence number of the final validation point that is on the prior piece of the validation 

curve. Let vk-1 denote the number of both original and added validation points needed for model 

training that is projected at the final validation point on the prior piece. If the vk-1-th validation 

point resides on the present k-th piece, vk-1 – sk-1 is this validation point’s sequence number on the 

present k-th piece. Recall that n is the present validation point’s sequence number. Let h(n) denote 

the present validation point’s sequence number on the present k-th piece. h(n) is ≤ lk. There are 

two possible scenarios (see Figure 4.7). 

 
Figure 4.7. The flowchart of estimating the number of original validation points needed for 

model training when the present validation point resides on the k-th (k ≥ 2) piece of the 

validation curve. 
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In the first scenario, h(n) is < min(v, vk-1 – sk-1). In this case, we do not have enough validation 

points to estimate a, b, c, and . We reuse the most recently estimated number of original validation 

points needed for model training. Since v is small, we often pass the phase of not updating the 

estimated number of original validation points needed for model training in a reasonably short period 

of time. 

In the second scenario, h(n) is ≥ min(v, vk-1 – sk-1). If vk-1 – sk-1 ≤ h(n) < v, we project the next 

original validation point as the final original validation point needed for model training. Otherwise, 

if h(n) is ≥ v, we revise the method in Section 4.5.6.1 in the following two ways to estimate a, b, c, 

and . 

First, recall that xj denotes the normalized number of batches of model training finished before 

the j-th validation point. The trend curve’s value at the j-th validation point is = μj. As shown in 

Figure 4.5(B), if moved to the left by 𝑥𝑠𝑘−1
, the present piece of the trend curve has approximately 

the same form as an inverse power function. We adopt the same shifted inverse power function 

 𝜇𝑗 = 𝑎(𝑥𝑗 − 𝑥𝑠𝑘−1
)−𝑏 + 𝑐   

rather than formula (4.13) to model μj. 

Second, recall that w' denotes the maximum number of validation points allowed to estimate a, 

b, c, and . n denotes the present validation point’s sequence number. h(n) denotes the present 

validation point’s sequence number on the present piece of the validation curve. We employ the last 

 w = min(h(n), w') 

validation points on the present piece of the validation curve rather than the last min(n, w') validation 

points to estimate a, b, c, and . 
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4.5.7 Determining Vmin 

In this section, we show how to determine Vmin, the minimum number of data instances needed in 

the randomly sampled subset of the full validation set used at an added validation point. 

Recall that Vj (j ≥ 1) is the number of data instances that are in the actual validation set used at 

the j-th validation point. 𝑒̂𝑗 denotes the validation error of the model at the j-th validation point. At 

an added validation point, Vj is computed by formula (4.7) that involves Vmin. In Section 4.5.6.1, we 

use a normal distribution to approximate a beta distribution with parameters 

 𝛼 = 𝑉𝑗𝑒̂𝑗 + 1 

and 

 𝛽 = 𝑉𝑗(1 − 𝑒̂𝑗) + 1. 

This approximation is reasonably precise if  is ≥ 10 and  is ≥ 10 [136], which is equivalent to Vj 

≥ 9/𝑒̂𝑗 and Vj ≥ 9/(1 − 𝑒̂𝑗). If we know 𝑒̂𝑗’s lower bound bl > 0 and upper bound bu < 1, we can set 

Vmin to 

 9 / min(bl, 1 – bu) 

to raise the chance of  being ≥ 10 and  being ≥ 10 for each j ≥ 1. However, bl and bu are unknown 

beforehand. To address this issue, we start from an initial estimate 𝑏̂𝑙 of bl and an initial estimate 𝑏̂𝑢 

of bu and set Vmin to 

 9 / min(𝑏̂𝑙, 1 – 𝑏̂𝑢). (4.29) 

During model training, 𝑒̂𝑗 could fall out of [𝑏̂𝑙, 𝑏̂𝑢] at some added validation point, making it possible 

to have  < 10 or  < 10. At any added validation point, if 𝑒̂𝑗 falls out of [𝑏̂𝑙, 𝑏̂𝑢], we lower 𝑏̂𝑙 or 
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raise 𝑏̂𝑢  to make [𝑏̂𝑙 , 𝑏̂𝑢] include 𝑒̂𝑗  and then re-compute Vmin to make it larger. At any original 

validation point, if 𝑒̂𝑗 falls out of [𝑏̂𝑙, 𝑏̂𝑢], we do not adjust 𝑏̂𝑙 and 𝑏̂𝑢 because the full validation set 

is used and there is no way to make Vj larger. 

We have two considerations when setting the initial values of 𝑏̂𝑙 and 𝑏̂𝑢. First, the larger the 𝑏̂𝑙 

and the smaller the 𝑏̂𝑢, the more likely 𝑒̂𝑗 will fall out of [𝑏̂𝑙, 𝑏̂𝑢] at some added validation point 

during model training, which is undesirable. Second, if 𝑏̂𝑙 is too small or 𝑏̂𝑢 is too large, the Vmin 

computed by formula (4.29) will be too large. Consequently, Vj could also be too large, undesirably 

increasing the progress indicator’s run-time overhead. To strike a balance between these two 

considerations, we set the initial values of 𝑏̂𝑙 and 𝑏̂𝑢 to 0.02 and 0.98, respectively. 

During model training, if the validation error 𝑒̂𝑗 at an added validation point is outside of [𝑏̂𝑙, 

𝑏̂𝑢], we proceed as follows: 

1) Step 1: If 𝑒̂𝑗 is > 𝑏̂𝑢, we change 𝑏̂𝑢 to 𝑒̂𝑗. If 𝑒̂𝑗 is < 𝑏̂𝑙, we change 𝑏̂𝑙 to 𝑒̂𝑗. 

2) Step 2: Use formula (4.29) to re-compute Vmin. If 𝑒̂𝑗 is = 0 or 1, which is unlikely to occur in 

practice, we set Vmin to +. 

3) Step 3: Use formula (4.7) to re-compute V', the uniform number of data instances that are in the 

randomly sampled subset of the full validation set used at each added validation point. 

4) Step 4: If the new V' differs from the old V', we re-sample the full validation set to obtain a new 

subset and re-compute 𝑒̂𝑗, the validation error on the subset. The number of data instances that 

are in the subset is the new V', which will also be used at each added validation point after the 

present validation point. 

5) Step 5: If 𝑒̂𝑗 is re-computed in Step 4 and the new 𝑒̂𝑗 is outside of [𝑏̂𝑙, 𝑏̂𝑢], we repeat Steps 1-4 

until the new 𝑒̂𝑗 is within [𝑏̂𝑙, 𝑏̂𝑢]. 
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In practice, we rarely need to change V' from its initially computed value because 1) the initial [𝑏̂𝑙, 

𝑏̂𝑢] is wide and has a high likelihood to include 𝑒̂𝑗, and 2) if the initially computed V' is > the Vmin 

re-computed in Step 2, no value change will be made to V' in Step 3. 

4.5.8 Estimating the Model Training Cost Based upon the Projected Number of Original 

Validation Points Needed for Model Training 

After estimating the trend curve and the variance of the random noise, we can project the model 

training cost. The Monte Carlo simulation method in our basic progress indication method (Section 

4.4.5) is used to estimate nv, the number of original validation points needed for model training. 

Recall that V is the uniform number of data instances that are in the randomly sampled subset of 

the full validation set used at each added validation point. nj (0 ≤ j ≤ vmax – 1) is the number of 

validation points to be added between the j-th and the (j+1)-th original validation points. q is the 

constant regulating the decay rate of nj (0 ≤ j ≤ vmax – 1) in the exponential decay schema. In 

Section 4.4.2, we show that the mean amount of work taken to process a validation instance one 

time to calculate the validation error is 1/3 unit of work. The model training cost is the sum of 

three components: 

1) The cost to process the training instances (see Section 4.4.2). 

2) The cost to calculate the validation errors at the original validation points (see Section 4.4.2). 

3) The cost to calculate the validation errors at the added validation points 

= the total number of validation points added before the nv-th original validation point × the 

uniform number of data instances that are in the randomly sampled subset of the full 

validation set used at each added validation point × the mean amount of work taken to 

process a validation instance one time to calculate the validation error 

= ∑ 𝑛𝑗 × 𝑉′/3
𝑛𝑣
𝑗=0  
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= ∑ ⌊𝑛0𝑞𝑗⌉
𝑛𝑣
𝑗=0 × 𝑉′/3. 

4.6 PERFORMANCE 

This section presents the performance test results of our progress indication methods for deep 

learning model training. We mainly show the performance test results of our improved progress 

indication method, as well as compare them with the performance test results of our basic progress 

indication method. TensorFlow is a commonly used open-source software package for deep learning 

created by Google [66]. We implemented our methods in TensorFlow Version 1.13.1. In each test, 

our progress indicators gave informative estimates and revised them every 10 seconds with minute 

overhead, fulfilling the progress indication goals of low overhead, continuously revised updates, and 

reasonable pacing listed in our prior paper [97]. 

4.6.1 Description of the Experiments 

The experiments were performed by running TensorFlow on a Digital Storm workstation. The 

workstation runs the Ubuntu 18.04.02 operating system and has 64GB memory, one eight-core Intel 

Core i7-9800X 3.8GHz CPU, one GeForce RTX 2080 Ti GPU, one 3TB SATA disk, and one 500GB 

solid-state drive. Every deep learning model was trained on an unloaded system and using the GPU. 

We tested two standard deep learning models: the Gated Recurrent Unit (GRU) model, a 

recurrent neural network, used in Purushotham et al. [139] and the convolutional neural network 

GoogLeNet [82]. For every model, we tested four standard optimization algorithms for deep learning 

model training: root mean square propagation (RMSprop) [140], classical SGD [141], adaptive 

gradient (AdaGrad) [142], and Adam [90]. For each (deep learning model, optimization algorithm) 

pair, three learning rate decay methods were tested: using an exponential decay method, a step decay 

method, and a constant learning rate. We present the test results for GoogLeNet using Adam and the 
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GRU model using RMSprop. The test results for the other (deep learning model, optimization 

algorithm) pairs are similar and shown in the Appendix in the full version of another paper [65]. 

There is one exception. For the step decay method, we present the test results for GoogLeNet using 

Adam. The test results for using RMSprop and the step decay method to train the GRU model are 

similar and shown in the Appendix in the full version of another paper [65]. 

We employed two popular benchmark datasets shown in Table 4.12: CIFAR-10 [143] and 

MIMIC-III [144]. GoogLeNet was trained on CIFAR-10. In CIFAR-10, every data instance is an 

image of size 32×32. CIFAR-10 was split into a validation set and a training set as described in 

Krizhevsky [143]. The GRU model was trained on a subset of the MIMIC-III dataset called “Feature 

Set C, 48-h data” to perform the “ICD-9 code group prediction” task in Purushotham et al. [139]. In 

the subset, every data instance is a sequence of length 48. The subset was partitioned into a validation 

set and a training set as described in Purushotham et al. [139]. 

Table 4.12. The datasets that we used to test our progress indication method. 

Name 

Number of data 

instances that are in 

the validation set 

Number of data 

instances that are in 

the training set 

Number of 

classes 
Data instance size 

CIFAR-10 10,000 50,000 10 image size: 32×32 

Feature Set C, 48-h data 6,845 20,532 20 sequence length: 48 

 

Except for the maximum number of epochs allowed for model training and the learning rate 

decay method, all the hyper-parameters were given their default values that appeared in the open 

source code of GoogLeNet and the GRU model [145, 146]. In particular, the number of training 

instances in every batch was = 100 and 128 for the GRU model and GoogLeNet, respectively. In 

each test, the beginning learning rate was = 0.001. The patience p was = 11, an integer randomly 

selected from [3, 25]. The min_delta δ was = 0.00131, a number randomly selected from [0, 0.01]. 
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The maximum number of epochs allowed for model training was = 150. An original validation point 

was put at or near the end of each epoch of model training. Accordingly, the number of batches of 

model training between two consecutive original validation points was 390 and 205 for GoogLeNet 

and the GRU model, respectively. 

Recall that vmax denotes the maximum number of original validation points allowed for model 

training. nj (0 ≤ j ≤ vmax – 1) is the number of validation points added between the j-th and the (j+1)-

th original validation points. n0 is the number of validation points added before the first original 

validation point. q is the constant regulating the decay rate of nj (0 ≤ j ≤ vmax – 1) in the exponential 

decay schema. Vʹ is the uniform number of data instances that are in the randomly sampled subset 

of the full validation set used at each added validation point. For each of GoogLeNet and the GRU 

model, Table 4.13 shows the n0, q, and Vʹ set by the approach given in Section 4.5.3. In our 

experiments, Vʹ never changed during model training. 

Table 4.13. For each of GoogLeNet and the GRU model, the n0, q, and Vʹ set by the approach 

given in Section 4.5.3. 

 

Model n0 q Vʹ 

GoogLeNet 11 0.93 726 

GRU 5 0.93 683 

 

4.6.2 Accuracy Measure 

We used the average prediction error adopted in Chaudhuri et al. [105] to gauge the progress 

indicator’s estimation accuracy. The average prediction error is the ratio of a numerator to a 

denominator (see Figure 4.8). The area of the region between a straight diagonal line and a curve is 

the numerator. The straight line shows the real remaining model training time. The curve shows the 

progress indicator’s estimate of the remaining model training time over time. The area of the triangle 
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created by the straight diagonal line, the y-axis, and the x-axis is the denominator. The larger the 

average prediction error, the less accurate the estimates given by the progress indicator. 

 
Figure 4.8. The areas of the regions employed to calculate the average prediction error. 

4.6.3 Comparison of Three Progress Indication Methods for Deep Learning Model Training 

We compared the accuracy of the progress estimates provided by three progress indication methods 

for deep learning model training: 

1) Method 1: This is our basic method (see Section 4.4). 

2) Method 2: This is a hybrid of our basic and improved methods. We use the approach in Section 

4.5.3 to insert extra validation points between the original validation points, the approach in 

Section 4.5.4 to set the uniform number of data instances that are in the randomly sampled subset 

of the full validation set used at each added validation point, the approach in Sections 4.4.3 to 

4.4.5 to predict the number of original validation points needed for model training, and the 

approach in Section 4.5.8 to estimate the model training cost based upon the projected number. 

We disregard the dependency of the random noise’s variance on the size of the actual validation 

set used at the validation point. Instead, we deem the random noise’s variance to be 

approximately  the square of the learning rate with no reliance on the size of the actual 

validation set used at the validation point [64]. 

3) Method 3: This is our improved method shown in Section 4.5. 



133 

 

 

We conducted 24 tests, one for every combination of a deep learning model, an optimization 

algorithm, and a learning rate decay method. In each test, we trained the deep learning model five 

times, each in a distinct run. In each run, we used each of the three progress indication methods to 

provide progress estimates. For each test, Table 4.14 shows the standard deviation and the mean 

of the average prediction error over the five runs for each of the three methods. For each test, the 

smallest mean of the average prediction error over the five runs across the three methods is marked 

in bold in Table 4.14. 

Table 4.14. For each of the 24 tests, the mean as well as the standard deviation of the average 

prediction error over the five runs for each of the three progress indication methods. 

Deep learning 

model 
Learning rate decay method 

Optimization 

algorithm 

Average prediction error 

Progress indication 

method 1 

Progress 

indication method 

2 

Progress 

indication method 

3 

GoogLeNet 

 

Using a constant learning 

rate 

Adam 0.50±0.10 0.45±0.12 0.51±0.14 

RMSprop 0.53±0.25 0.42±0.11 0.42±0.13 

SGD 0.18±0.03 0.30±0.01 0.11±0.01 

AdaGrad 0.17±0.07 0.41±0.02 0.15±0.02 

Exponential decay method 

Adam 2.46±1.20 1.46±0.66 0.89±0.26 

RMSprop 1.20±0.51 0.79±0.19 0.66±0.05 

SGD 1.32±0.53 0.97±0.31 0.70±0.20 

AdaGrad 1.22±0.29 0.80±0.16 0.58±0.09 

Step decay method 

Adam 0.45±0.06 0.45±0.07 0.44±0.11 

RMSprop 0.73±0.50 0.54±0.14 0.57±0.14 

SGD 0.40±0.04 0.49±0.05 0.34±0.09 

AdaGrad 0.35±0.04 0.44±0.05 0.52±0.09 

GRU 

Using a constant learning 

rate 

Adam 1.94±0.67 0.54±0.08 0.48±0.05 

RMSprop 1.55±0.53 0.60±0.17 0.52±0.19 

SGD 0.65±0.08 0.43±0.08 0.58±0.12 

AdaGrad 0.93±0.60 0.52±0.03 0.48±0.08 

Exponential decay method 

Adam 2.40±1.17 0.60±0.18 0.44±0.13 

RMSprop 1.27±0.22 0.44±0.13 0.25±0.09 

SGD 1.39±0.25 0.93±0.15 0.51±0.07 

AdaGrad 1.45±0.62 0.66±0.58 0.42±0.26 

Step decay method 

Adam 1.94±0.60 0.55±0.18 0.46±0.17 

RMSprop 1.59±0.17 0.51±0.07 0.47±0.13 

SGD 0.57±0.10 0.41±0.08 0.55±0.12 

AdaGrad 1.99±0.50 0.63±0.21 0.45±0.16 

Over all runs in 

all tests 
  1.13±0.84 0.60±0.33 0.48±0.21 
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Comparison of methods 1 and 3 

In 20 of the 24 tests, method 3 beat method 1 and had a smaller mean of the average prediction 

error over the five runs. Method 1 outperformed method 3 in the other two tests: 1) using Adam and 

a constant learning rate to train GoogLeNet, and 2) using AdaGrad and applying a step decay method 

to the learning rate to train GoogLeNet. The mean of the average prediction error over all runs in all 

tests for method 3 is 0.48, which is 57.5% lower than the corresponding mean of 1.13 for method 1. 

Thus, compared with using our basic method, using our improved method reduces the progress 

indicator’s prediction error of the remaining model training time. Moreover, our improved method 

gave decently accurate estimates of the remaining model training time. 

Comparison of methods 2 and 3 

In 18 of the 24 tests, method 3 beat method 2 and had a smaller mean of the average prediction 

error over the five runs. Method 2 outperformed method 3 in the other five tests: 1) using Adam and 

a constant learning rate to train GoogLeNet, 2) using RMSprop and applying a step decay method 

to the learning rate to train GoogLeNet, 3) using AdaGrad and applying a step decay method to the 

learning rate to train GoogLeNet, 4) using SGD and a constant learning rate to train the GRU model, 

and 5) using SGD and applying a step decay method to the learning rate to train the GRU model. 

The mean of the average prediction error over all runs in all tests for method 3 is 0.48, which is 20.0% 

lower than the corresponding mean of 0.60 for method 2. Thus, considering the dependency of the 

random noise’s variance on the size of the actual validation set used at the validation point raises the 

progress indicator’s prediction accuracy. 

In Sections 4.6.4 to 4.6.6, we focus on the improved progress indication method described in 

Section 4.5. Yet, for the remaining model training time, we show the estimates provided by both the 



135 

 

 

basic and the improved progress indication methods. Recall that in each of the 24 tests, we trained 

the deep learning model five times, each in a distinct run. We randomly selected one of the five runs 

and present the outputs of the progress indicator over time for that run. 

4.6.4 Test Results for Adopting a Constant Learning Rate 

This section presents the test results for adopting a constant learning rate. 

4.6.4.1 Test results for training GoogLeNet 

In the test, we used the Adam optimization algorithm and a constant learning rate to training 

GoogLeNet. Figure 4.9 depicts the progress indicator’s estimated model training cost over time, with 

the dotted horizontal line showing the real model training cost. Before reaching v = 4 validation 

points within 39 seconds, the progress indicator estimated the model training cost based upon the 

maximum number of original validation points allowed for model training, which diverged notably 

from the real number of original validation points needed for model training. As a result, the 

estimated model training cost greatly differed from the real model training cost. After reaching four 

or more validation points, the progress indicator refined the estimated model training cost for it to 

become more accurate over time. 

 
Figure 4.9. Model training cost estimated over time (using Adam and a constant learning rate to 

train GoogLeNet). 
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Figure 4.10 depicts the model training speed that the progress indicator observed over time. 

This speed was relatively stable during the whole model training process. 

 
Figure 4.10. Model training speed over time (using Adam and a constant learning rate to train 

GoogLeNet). 

Figure 4.11 and Figure 4.12 depict the remaining model training time estimated by the basic 

and the improved progress indication methods over time, with the dashed line showing the real 

remaining model training time. Before 691 seconds, the basic method’s estimate of the remaining 

model training time differed notably from the real remaining model training time. The improved 

method reached the stage of giving relatively accurate estimates of the remaining model training 

time much faster than the basic method. 

 
Figure 4.11. Estimated remaining model training time (using Adam and a constant learning rate 

to train GoogLeNet). 
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Figure 4.12. Estimate of the remaining model training time at the early stage of model training 

(using Adam and a constant learning rate to train GoogLeNet). 

Figure 4.13 depicts the progress indicator’s estimate over time of the finished percentage of 

model training work. The curve showing the estimated finished percentage is reasonably close to 

the diagonal dotted line linking the upper right and the lower left corners. 

 
Figure 4.13. Finished percentage estimated over time (using Adam and a constant learning rate to 

train GoogLeNet). 

4.6.4.2 Test results for training the GRU model 

In the test, we used the RMSprop optimization algorithm and a constant learning rate to train the 

GRU model. We wanted to show that the estimates given by the progress indicator can be decently 

accurate for distinct kinds of neural networks. 

Figure 4.14 depicts the progress indicator’s estimated model training cost over time, with the 

dotted horizontal line showing the real model training cost. After we reached v = 4 validation points 
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within 7 seconds, the estimated model training cost became decently accurate for the rest of the 

model training process. 

 
Figure 4.14. Model training cost estimated over time (using RMSprop and a constant learning 

rate to train the GRU model). 

Figure 4.15 depicts the model training speed that the progress indicator observed over time. 

This speed was relatively stable during the whole model training process. 

 
Figure 4.15. Model training speed over time (using RMSprop and a constant learning rate to train 

the GRU model). 

Figure 4.16 depicts the remaining model training time estimated by the basic and the improved 

progress indication methods over time, with the dashed line showing the real remaining model 

training time. The improved method reached the stage of giving relatively accurate estimates of the 

remaining model training time much faster than the basic method. In fact, the improved method’s 
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estimate of the remaining model training time was decently accurate during the whole model training 

process. 

 
Figure 4.16. Estimated remaining model training time (using RMSprop and a constant learning 

rate to train the GRU model). 

Figure 4.17 depicts the progress indicator’s estimate over time of the finished percentage of 

model training work. The curve showing the estimated finished percentage is reasonably close to the 

diagonal dotted line linking the upper right and the lower left corners. 

 
Figure 4.17. Finished percentage estimated over time (using RMSprop and a constant learning 

rate to train the GRU model). 

4.6.5 Test Results for Applying an Exponential Decay Method to the Learning Rate 

This section presents the test results for applying an exponential decay method to the learning rate. 

We set the constant ρ regulating the decay rate of the learning rate to 0.05. 
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4.6.5.1 Test results for training GoogLeNet 

In the test, we used the Adam optimization algorithm and applied an exponential decay method to 

the learning rate to train GoogLeNet. Figure 4.18-Figure 4.21 depict the results for this test. From 

0 to 2,002 seconds, the model training cost estimated by the new progress indication method 

oscillated and differed notably from the real model training cost most of the time. This difference 

led to inaccurate estimates of the remaining model training time and the percentage of model 

training work finished. After 2,002 seconds, the improved progress indication method gave more 

accurate progress estimates. The improved method reached the stage of giving relatively accurate 

estimates of the remaining model training time much faster than the old method. 

 
Figure 4.18. Model training cost estimated over time (using Adam and applying an exponential 

decay method to the learning rate to train GoogLeNet). 

 
Figure 4.19. Model training speed over time (using Adam and applying an exponential decay 

method to the learning rate to train GoogLeNet). 
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Figure 4.20. Estimated remaining model training time (using Adam and applying an exponential 

decay method to the learning rate to train GoogLeNet). 

 
Figure 4.21. Finished percentage estimated over time (using Adam and applying an exponential 

decay method to the learning rate to train GoogLeNet). 

4.6.5.2 Test results for training the GRU model 

In the test, we used the RMSprop optimization algorithm and applied an exponential decay method 

to the learning rate to train the GRU model. Figure 4.22-Figure 4.25 depict the results for this test, 

showing that our improved progress indication method gave decently accurate estimates during 

most of the model training process. The improved method reached the stage of giving relatively 

accurate estimates of the remaining model training time much faster than the basic method. 
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Figure 4.22. Model training cost estimated over time (using RMSprop and applying an 

exponential decay method to the learning rate to train the GRU model). 

 
Figure 4.23. Model training speed over time (using RMSprop and applying an exponential decay 

method to the learning rate to train the GRU model). 

 
Figure 4.24. Estimated remaining model training time (using RMSprop and applying an 

exponential decay method to the learning rate to train the GRU model). 
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Figure 4.25. Finished percentage estimated over time (using RMSprop and applying an 

exponential decay method to the learning rate to train the GRU model). 

4.6.6 Test Results for Applying a Step Decay Method to the Learning Rate to Train 

GoogLeNet 

This section presents the test results for adopting the Adam optimization algorithm and applying a 

step decay method to the learning rate to train GoogLeNet. We cut the learning rate from 10-3 to 10-

4 at the start of the 64-th epoch, and subsequently to 10-5 at the start of the 115-th epoch. In the test, 

early stopping happened on the first piece of the validation curve. Figure 4.26-Figure 4.30 present 

the test results, which are akin to those presented in Figure 4.9-Figure 4.13. 

 
Figure 4.26. Model training cost estimated over time (using Adam and applying a step decay 

method to the learning rate to train GoogLeNet). 
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Figure 4.27. Model training speed over time (using Adam and applying a step decay method to 

the learning rate to train GoogLeNet). 

 
Figure 4.28. Estimated remaining model training time (using Adam and applying a step decay 

method to the learning rate to train GoogLeNet). 

 
Figure 4.29. Estimate of the remaining model training time at the early stage of model training 

(using Adam and applying a step decay method to the learning rate to train GoogLeNet). 
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Figure 4.30. Finished percentage estimated over time (using Adam and applying a step decay 

method to the learning rate to train GoogLeNet). 

4.6.7 Summary of the Performance Test Results 

In summary, our experiments show that our progress indicators can offer useful information even if 

the run-time system load varies over time [62]. In addition, the progress indicator can self-correct its 

initial estimation errors, if any, over time. Compared with using our basic progress indication 

method, using the improved method reduces the progress indicator’s prediction error. Moreover, the 

improved method enables us to obtain relatively accurate progress estimates faster with a low 

overhead. 

4.7 DISCUSSION 

In this section, we outline some directions for future work. 

This work does not give any upper bound for the progress indicator’s projection errors of the 

model training cost. To derive such upper bounds in the future, we could employ an approach that is 

akin to the approach used by Chaudhuri et al. [147] for progress indication for executing database 

queries. 

We use the same single early stopping condition to do a case study to demonstrate that it is 

feasible to build non-trivial progress indicators for deep learning model training. Besides this early 
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stopping condition, many other early stopping conditions exist [62, 123-125]. In the future, we plan 

to investigate how our present progress indication techniques work for some other popular early 

stopping conditions and whether our present techniques require any changes to work well for those 

conditions. 

This work focuses on using deep learning for classification. Deep learning can also be used 

for regression. In the future, we plan to investigate how to revise our improved progress indication 

method to handle deep learning regression models. When training a deep learning classification 

model, the validation error given the model’s generalization error follows a discrete distribution 

linked to a binomial distribution. This is used in Section 4.5.5 to derive the relationship between 

the random noise’s variance and the size of the actual validation set used at the validation point. 

In comparison, when training a deep learning regression model, the validation error given the 

model’s generalization error follows a continuous distribution. Accordingly, to enable the new 

progress indication method to handle regression models, we need to derive a different relationship 

between the random noise’s variance and the size of the actual validation set used at the validation 

point. 

4.8 CONCLUSION 

In this chapter, we propose two progress indication methods for deep learning model training that 

allows early stopping. Our main idea is to use the validation curve to project the number of validation 

points (or number of batches) needed for model training. During model training, we keep refining 

the projected model training cost and checking the current model training speed. Periodically, we 

revise the projected fraction of model training work completed and the projected remaining model 

training time displayed to the user. Our experiments show that the resulting progress indicator can 

offer useful information even if the run-time system load varies over time [62]. In addition, the 
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progress indicator can self-correct its initial estimation errors, if any, over time. By judiciously 

inserting extra validation points between the original validation points and revising the predicted 

model training cost at both the original and the added validation points, our improved method could 

address our basic method’s shortcoming of having a long delay in obtaining relatively accurate 

progress estimates for the model training process. Our experimental results show that compared with 

using our basic method, using the improved method not only greatly reduces the progress indicator’s 

prediction error of the remaining model training time, but also enables us to obtain relatively accurate 

progress estimates faster. 
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Chapter 5. SUMMARY 

Although osteoporosis is a debilitating disease, osteoporosis screening is underutilized. One 

complementary approach to osteoporosis screening is opportunistic screening using pre-existing 

images to detect spinal OCFs. However, OCFs are often incidental findings and under-reported. 

An accurate automated opportunistic screening tool could improve diagnosis and enable more and 

earlier treatment of osteoporosis. To build this OCF classifier, we obtained two spine radiograph 

datasets: the UW dataset and the MrOS dataset. To annotate the data, we designed 

DicomAnnotator, the configurable open-source software program for efficient DICOM image 

annotation. To build the OCF classifier, we used five different deep learning algorithms and the 

above two datasets. Training a deep learning model on a large dataset is often time-consuming. 

During deep learning model training, it is desirable to offer a non-trivial progress indicator to make 

the deep learning model training process more user-friendly. We designed the basic progress 

indication method for deep learning model training that allows early stopping, as well as the 

improved method to increase the accuracy of the progress indication. 

Recall that we had the following three aims: 

4) Aim 1: Develop DicomAnnotator and use it to annotate the datasets. 

5) Aim 2: Build the OCF classifier using deep learning and the annotated datasets. 

6) Aim 3: Design progress indication methods that can support non-trivial progress indicators for 

deep learning model training in the presence of early stopping. 

We realized all of these three aims. 

For Aim 1, our designed DicomAnnotator integrates multiple functional modules to meet 

several annotation requirements and provides four ancillary user-friendly features. The program is 
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easy to learn, is efficient to use, and allows annotators to quickly make several types of annotations 

on a large set of DICOM images. 

For Aim 2, we used five deep learning algorithms to train the OCF classifier that can detect 

OCFs on vertebral patches. This OCF classifier has good performance and some generalizability 

and can serve as a critical component of our future automated opportunistic screening tool. 

For Aim 3, we proposed two progress indication methods for deep learning model training 

that allows early stopping. During model training, we keep refining the projected model training 

cost and checking the current model training speed. Periodically, we revise the projected fraction 

of model training work completed and the projected remaining model training time displayed to 

the user. The resulting progress indicator can offer useful information even if the run-time system 

load varies over time [62]. In addition, the progress indicator can self-correct its initial estimation 

errors, if any, over time. 
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