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ABSTRACT

Background and Objective: To investigate the effect of the slab thickness in maximum 
intensity projections (MIPs) on the candidate detection performance of a deep learning-
based computer-aided detection (DL-CAD) system for pulmonary nodule detection in CT 
scans.

Methods: The public LIDC-IDRI dataset includes 888 CT scans with 1186 nodules 
annotated by four radiologists. From those scans, MIP images were reconstructed with 
slab thicknesses of 5 to 50 mm (at 5 mm intervals) and 3 to 13 mm (at 2 mm intervals). 
The architecture in the nodule candidate detection part of the DL-CAD system was trained 
separately using MIP images with various slab thicknesses. Based on ten-fold cross-
validation, the sensitivity and the  score were determined to evaluate the performance of 
using each slab thickness at the nodule candidate detection stage. The free-response receiver 
operating characteristic (FROC) curve was used to assess the performance of the whole DL-
CAD system that took the results combined from 16 MIP slab thickness settings.

Results: At the nodule candidate detection stage, the combination of results from 16 MIP 
slab thickness settings showed a high sensitivity of 98.0% with 46 false positives (FPs) per 
scan. Regarding a single MIP slab thickness of 10 mm, the highest sensitivity of 90.0% with 
8 FPs/scan was reached before false positive reduction. The sensitivity increased (82.8% to 
90.0%) for slab thickness of 1 to 10 mm and decreased (88.7% to 76.6%) for slab thickness 
of 15 to 50 mm. The number of FPs was decreasing with increasing slab thickness, but was 
stable at 5 FPs/scan at a slab thickness of 30 mm or more. After false positive reduction, the 
DL-CAD system, utilizing 16 MIP slab thickness settings, had the sensitivity of 94.4% with 
1 FP/scan.

Conclusions: The utilization of multi-MIP images could improve the performance at the 
nodule candidate detection stage, even for the whole DL-CAD system. For a single slab 
thickness of 10 mm, the highest sensitivity for pulmonary nodule detection was reached 
at the nodule candidate detection stage, similar to the slab thickness usually applied by 
radiologists. 
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INTRODUCTION

Lung cancer is one of the deadliest cancers (18.4% of the total cancer deaths in 2018) 
worldwide with a low long-term survival rate [1-4]. Accurate lung nodule detection based 
on low-dose CT is of great importance to diagnose and treat lung cancer at an early stage 
[5, 6]. Clinical research has demonstrated that the maximum intensity projection (MIP) 
technique is an effective method for radiologists to detect nodules on CT images [7-9]. 
With the implementation of lung cancer screening all over the world, the use of a computer-
aided detection (CAD) system could be essential to reduce the fast-increasing workload of 
radiologists. 

Recently developed CAD systems are mainly based on deep learning algorithms. 
The hierarchical learning architecture of deep learning algorithms is inspired by artificial 
intelligence emulating the deep, layered learning process of the primary sensorial areas of 
the neocortex in the human brain. These algorithms are able to extract features automatically 
from the underlying data [10]. These features include information (shape, size, intensity) 
that is also used by human readers. In recent years, a large number of deep learning-based 
CAD systems (DL-CAD) have been developed in the medical image analysis field [11], 
especially for the purpose of lung nodule detection [12]. However, DL-CAD systems still 
have not been widely used in clinical practice for various reasons, including low sensitivity 
or high false positive rates of the available systems [13]. It is important to improve the 
performance of current DL-CAD systems to provide a more trustworthy assistance for 
radiologists.

The MIP technique can boost the performance for nodule detection as shown by the 
2-dimensional proprietary DL-CAD system [14]. The slab thickness plays an important role 
in this technique, since it can significantly influence how clear a nodule can be distinguished 
from pulmonary bronchi and surrounding vasculature. In other words, detection on the MIP 
images with different slab thicknesses directly influences the performance at the nodule 
candidate detection stage. This stage determines the upper limit performance of the whole 
system [15], which is essential for the development of the nodule detection system. In 
a recent study, it was found that the optimal slab thickness for radiologists’ detection of 
lung nodules is 10 mm [16]. However, a slab thickness of 10 mm might not be the optimal 
thickness for a 2-dimensional DL-CAD system, since radiologists differentiate nodules 
by viewing continuous slices, while the 2-dimensional DL-CAD system detects nodules 
based on a single slice. Therefore, the aim of this study was to explore the effect of MIP 
slab thickness on the performance of the DL-CAD system at the nodule candidate detection 
stage and to find the optimal MIP slab thickness with which the DL-CAD system can detect 
more nodules among nodule candidates and provide good results for the false positive 
reduction stage.
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MATERIALS AND METHODS

▶▶ Study population and CT image data

The purpose of the Lung Image Database Consortium and Image Database Resource 
Initiative (LIDC/IDRI) [17] was to establish a publicly available reference for the medical 
imaging research community and to stimulate the development of CAD systems. The 
patient inclusion criteria were specified in a reference work [18]. The dataset contained 
1018 helical thoracic CT scans from 1010 patients. With appropriate local IRB approval, 
the scans were retrospectively collected from seven academic medical centers in the United 
States. All protected health information was removed by the anonymization software.

The CT scans were acquired by CT systems from different vendors (General Electric, 
Philips, Siemens, Toshiba) with different reconstruction parameters. The details of the data 
are shown in Tables 1 and 2. In the selection of study data, scans with a slice thickness 
of 3 mm or more were excluded because of the deviation from isotropic voxel size [19]. 
Consequently, 888 CT scans were kept in the study.

The section thickness of scans in the dataset ranged from 0.6 mm to 2.5 mm. The 
study from Kim et al. [20] showed that radiologists had a good detection rate based on the 
scans with 1 mm section slices. Hence, each scan was rescaled to a stack of 1 mm axial 
section slices by linear interpolation. To explore the general effect of the slab thickness on 
nodule detection, 1 mm slices were used to generate MIP images with slab thicknesses of 5, 
10, 15, 20, 25, 30, 35, 40, 45 and 50 mm with an increment of 1 mm. To further determine 
the slab thickness that could have a higher sensitivity, MIP images with a slab thickness of 3, 
5, 7, 9, 11, 13 mm with an increment of 2 mm were created.

▶▶ Image annotation and nodule selection

In this study, we used publicly available data of the LIDC/IDRI dataset of which the 
radiological evaluation was described in [17]. In short, four experienced radiologists 
assessed the scans in two phases. First, all radiologists independently annotated all scans, 
recording information of pulmonary nodule location, diameter, and texture scores in the 
information sheet. In the second phase, every radiologist reviewed their labeled scans with 
the anonymized results from other radiologists. The findings included non-nodules, nodules 
≤3 mm in diameter, and nodules ≥3 mm in diameter. The current study only focused on 
nodules with a diameter ≥3 mm. All nodules detected by the majority of radiologists were 
used as the reference standard. Non-nodules, nodules <3 mm, and nodules detected by the 
minority of radiologists were considered as irrelevant findings. After lung nodule selection, 
1186 valid nodules were included in this study.
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Table 1 Distribution of the reconstruction kernels and the number of scans from different 
vendors. 

Vendor Kernel Type Number of CT scans Total number of scans included per vendor

GE Enhancing 220 662

Over-enhancing 70

Standard 372

PHILIPS Standard 21 73

Enhancing 7

Over-enhancing 45

SIEMENS B20s Soft 1 148

B30f Standard 102

B31f Standard 1

B45f Enhancing 30

B50f Enhancing 2

B70f Over-enhancing 12

TOSHIBA FC03 Standard 2 5

FC10 Soft 3

Total - 888 888

Table 2 Distribution of the reconstructed slice thickness in all scans. 

Slice thickness (mm) Number of scans

0.6 7

0.75 30

0.9 2

1 58

1.25 343

1.5 5

2 123

2.5 320

Total 888

▶▶ Deep learning-based CAD system

The DL-CAD system has two stages, namely, nodule candidate detection and false positive 
reduction. At the first stage, consisting of four streams with 2D convolutional neural 
networks trained by MIP images with 4 slab thicknesses separately, the system determines 
locations of potential nodule candidates. At the second stage, false positive reduction, 
each potential candidate is given a probability of being a nodule by the classifier. The 
architecture was validated previously for 4 slab thickness settings of 1, 5, 10, 15 mm. The 
architecture of the system has been described in detail and showed a good performance on a 
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large variation dataset [14].

In the current study, we mainly focus on the nodule candidate detection part of 
the DL-CAD system. More specifically, the lung parenchyma was segmented out of the 
whole image to narrow the region of interests for training the DL-CAD system. After 
segmentation, MIP images with different slab thicknesses were generated. Then the same 
2D convolutional neural networks were trained separately using MIP images with 16 
slab thicknesses in 16 streams for the detection of lung nodule candidates. After training, 
the system could mark potential nodule candidates in their appearing MIP images with 
coordinates. At the false positive reduction stage, two 3D convolutional neural networks 
described in the previous study [14] with the cube size of 16 and 32 were retrained to 
remove the false positives. The probability of being nodules for each candidate was 
averaged by the outputs of these two networks.

▶▶ Evaluation

The nodule candidate detection performance of the DL-CAD program using MIP images 
with varying slab thicknesses was evaluated on the 888 scans by ten-fold cross-validation. 
Nodules were classified into three groups based on diameter: <5 mm (270 nodules), 5-10 
mm (635 nodules), and >10 mm (281 nodules). A good performance of the nodule candidate 
detection with an optimal MIP slab thickness should have a high sensitivity with a low false 
positive rate. The high sensitivity determines the ability of lung nodule detection, while the 
number of false positives is related to extra efforts for the DL-CAD system or radiologists in 
further diagnosis. Achieving a high sensitivity is more important than reducing the number 
of false positives at nodule candidate detection. Thus, the performance was assessed by F2 
measure which gives more weight to sensitivity. The F2 score is equal to 5 times the product 
of recall and precision, divided by the sum of 4 times precision and recall [21]. To compare 
with other methods, the F1 scores were also reported when applying different slab thickness 
settings [22]. The McNemar's test [23] was applied to determine the difference in sensitivity 
between two MIP slab thickness settings which have the highest sensitivity or the largest   
F2 score, using IBM SPSS Statistics (version 22).

Results from different MIP slab thickness settings were merged to explore whether 
the sensitivity of the nodule candidate detection could be improved. False negatives were 
recorded that were still missed in the results from the optimal MIP slab thickness or the 
combined results from all slab thickness settings. These undetected nodules were analyzed 
by using the nodule information sheet that was previously filled in by the four radiologists. 
The nodule density types (solid, part-solid, non-solid) were defined as types for which the 
majority of the radiologists gave texture scores. Nodule information including component 
type and diameter was summarized. 

After false positive reduction for the results combined from all MIP slab thickness 
settings, the Competition Performance Metric (CPM) was used to evaluate the performance 
of the DL-CAD system [24]. This metric calculates the average sensitivity at seven false 
positive rates (1/8, 1/4, 1/2, 1, 2, 4, and 8 FPs/scan) in the free-response receiver operating 
characteristic (FROC) curve [25].
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RESULTS

The performance of the system at the nodule candidate detection stage was evaluated when 
it used 1 mm axial slices or MIP images with varying slab thicknesses for nodule detection 
(Table 3). The sensitivity first went up from 82.8% to 90.0% with increasing slab thickness 
from 1-10 mm and then gradually decreased to 76.6% with slab thicknesses from 15-50 
mm. At this stage, it had the highest sensitivity for the detection of nodules regardless of 
size or nodules >10 mm at a MIP slab thickness of 10 mm. The number of false positives 
dropped with increasing MIP slab thickness, but is more or less stable with MIP slab 
thicknesses of 30 mm and higher. Although it showed the highest  score at a MIP slab 
thickness of 25 mm at the same stage, the sensitivity at a MIP slab thickness of 10 mm is 
significantly higher than that of 25 mm MIP images (90.0% versus 87.9%, p=0.022).

Table 3 The performance of the nodule candidate detection per MIP slab thickness at 5 mm 
intervals.

Slab 
thickness

Number of nodules detected in different 
sizes(sensitivity)

Sensitivity Number of 
FPs

F1 F2

<5 mm n=270 5-10 mmn=635 >10 mmn=281

1 mm 177 (65.6%) 542 (85.4%) 263 (93.6%) 82.8% 12940 0.130  0.263

5 mm 199 (73.7%) 575 (90.6%) 268 (95.4%) 87.9% 9792 0.173  0.334

10 mm 222 (82.2%) 579 (91.2%) 266 (94.7%) 90.0% 6895 0.233  0.420

15 mm 212 (78.5%) 575 (90.6%) 265 (94.3%) 88.7% 5602 0.268  0.461

20 mm 215 (79.6%) 571 (89.9%) 262 (93.2%) 88.4% 5101 0.286  0.481

25 mm 204 (75.6%) 576 (90.7%) 263 (93.6%) 87.9% 4503 0.310  0.507

30 mm 196 (72.6%) 556 (87.6%) 261 (92.9%) 85.4% 4272 0.313  0.505

35 mm 182 (67.4%) 550 (86.6%) 255 (90.7%) 83.2% 4186 0.310  0.498

40 mm 179 (66.3%) 524 (82.5%) 258 (91.8%) 81.0% 4224 0.302  0.484

45 mm 169 (62.6%) 516 (81.3%) 254 (90.4%) 79.2% 4204 0.297  0.475

50 mm 154 (57.0%) 502 (79.1%) 252 (89.7%) 76.6% 4297 0.284  0.456

Highest sensitivity and F2 values are shown in bold.

To further analyze the possible slab thickness with a higher sensitivity, MIP images 
were reconstructed with slab thicknesses of 3 to 13 mm at 2 mm intervals (Table 4). The 
program again showed a sensitivity of 90.0% with 9 mm MIP slab thickness images, which 
is close to the 10 mm MIP images, but more false positives were found with 9 mm MIP 
images compared to those of 10 mm.

Some examples of MIP images in the same slice with different slab thicknesses are 
shown in Fig. 1. The nodule in the 1 mm axial section slice is indicated with a blue arrow. 
With increasing MIP slab thickness, the nodule is easier to distinguish from the vessels 
while showing fewer suspicious lesions on the slice. Although the nodule still can be seen at 
MIP slab thickness of 25 mm and higher, these thick MIP images are more crowded.



59

》》》CHAPTER  4

Table 4 The performance of the nodule candidate detection per MIP slab thickness at 2 mm 
intervals.

Slab thickness Sensitivity Number of false positives F1 F2

3 mm 86.0% 11693 0.147 0.292

5 mm 87.9% 9792 0.173 0.334 

7 mm 89.8% 8844 0.192 0.363 

9 mm 90.0% 8125 0.206 0.383 

11 mm 89.2% 6854 0.233 0.418 

13 mm 89.0% 6585 0.239 0.426 

15 mm 88.7% 5602 0.268 0.461 

The highest sensitivity is shown in bold.

Fig. 1. Examples of the 1 mm axial section slice and MIP images in various slab 
thicknesses. From (a) to (i), the slab thickness is 1, 5, 10, 15, 20, 25, 30, 35 and 40 mm, 
respectively. One nodule is indicated with a blue arrow in the right lower lobe lung. With 
increase of the slab thickness, the nodule stands more out, whereas vessels are more 
continues. The nodule still can be seen after (f), although more vessels are projected in this 
slice. This does not add more value for detection but causes a more crowded image.

Although it had the highest sensitivity for 10 mm MIP images at the nodule candidate 
localization, some nodules were still missed. One hundred and nineteen nodules (10.0% of 
the total) were not detected on 10 mm MIP images. The characteristics of false negatives 
are shown in Table 5. The size distribution of these undetected nodules was as follows: 
<5 mm (48 nodules), 5-10 mm (56 nodules), >10 mm (15 nodules). When comparing the 
sensitivities at different densities, only 54.7% of the non-solid nodules were detected, 
whereas this was 92.6 and 91.9% for the part-solid and solid nodules, respectively.
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Table 5 The number of undetected nodules and sensitivity by nodule characteristics for 10 
mm MIP slab thickness.

Characteristics  Total number of nodules
Number of 

undetected nodules
Sensitivity (%)

Diameter

<5 mm 270 48 82.2

5-10 mm 635 56 91.2

>10 mm 281 15 94.7

Density

Non-solid 64 29 54.7

Part-solid 189 14 92.6

Solid 933 76 91.9

When the results from the 16 different slab thicknesses were fused, the sensitivity 
increased to 98.0% and the average false positive rate is 46. Only 24 nodules were 
undetected on all MIP images. Among these false negatives, there were 6 nodules <5 mm, 
14 nodules in 5-10 mm, and 4 nodules >10 mm. Among undetected nodules, 37.5% were 
non-solid, 4.2% were subsolid, 58.3% were solid. It is noteworthy that some non-detected 
nodules were attached to tissue, which makes detection difficult. Fig. 2 shows some 
examples of false negatives that were missed at the nodule candidate detection stage in all 
MIP slab thickness settings.

After false positive reduction, the system (CPM: 0.935) using 16 MIP slab thickness 
settings outperformed the system (CPM: 0.922) that applied 4 MIP slab thickness settings 
[14]. The sensitivity of the system with combined results from 16 settings is 0.872, 0.909, 
0.925, 0.944, 0.957, 0.966, 0.974 at the false positive rate of 1/8, 1/4, 1/2, 1, 2, 4, 8 FPs/
scan, respectively (Fig. 3).

 

Fig. 2. Examples of false negatives which were missed in all MIP slab thickness settings. 
The shown slab thickness of the examples is 1 mm. The examples of non-detected nodules 
were either non-solid nodules (a-d) or attached nodules (e-h).
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Fig. 3. Free-response receiver operating characteristic (FROC) curves of the system that 
used MIP images with 4 and 16 slab thicknesses for pulmonary nodule detection.

DISCUSSION

The purpose of this study was to explore the effect of slab thickness on lung nodule 
detection and find the optimal setting at the nodule candidate detection stage. The 
combination of results from all MIP slab thicknesses improved the sensitivity of the nodule 
candidate detection to 98%. The results showed that with a slab thickness of 10 mm, the 
architecture achieved the highest sensitivity for nodule detection.

With different slab thicknesses for MIP images, the same architecture detected 
different numbers of nodule candidates, comprising true positive and false positive nodules. 
One reason is that pulmonary nodules stand out differently from vasculatures and lung 
bronchi depending on the MIP slab thickness (Fig. 1). Moreover, more pulmonary nodules 
were identified with increasing slab thickness from 1 mm to 10 mm, because vessels are 
more continuously depicted on thicker MIP images, making it easier to localize isolated 
nodules. However, beyond a slab thickness of 10 mm, the sensitivity started to decrease. 
One possible explanation is that more vessels tend to be visible in one single slice, 
which makes the image more complex for interpretation, resulting in more difficulties 
for convolutional neural networks to learn complex contextual information of nodules. 
In addition, thick MIP images may cause overlap of nodules and vessels, leading to false 
negative results. This finding, of interference of morphological information, has also been 
reported by Diederich et al. [26] based on the visual assessment by human observers. 
Nevertheless, although the accuracy reduced with increasing MIP slab thickness, the 
program found fewer false positives at higher slab thickness (3-50 mm), as shown in Tables 
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3 and 4. The reason for this is that fewer false positive candidates, such as cross-sectional 
vessels, appeared in one slice.

To explore the effect of MIP slab thickness on lung nodule detection by human 
evaluation, prior studies have evaluated different MIP images settings on varied small-
scale datasets. Based on visual assessment, Park et al. [7] showed that radiologists found 
more nodules on 5 mm MIP images than on 1 mm section slices. In another study based on 
visual assessment, Valencia et al. [27] analyzed the performance of axial 1-mm slices, 5-mm 
slices, and non-overlapping 10 mm axial/coronal MIP images on the detection of pulmonary 
nodules. They found 10 mm axial MIP images improved the overall sensitivity because 
of the higher detection of nodules < 5 mm in diameter. In addition, Li et al. [16] used MIP 
slab thicknesses of 5 mm, 10 mm, 15 mm, and 20 mm to assess human performance. Their 
results showed that the nodule detection rate (reader 1: 84.5%; reader 2: 83.6%) on 10 
mm MIP images was significantly higher than in other series of MIP images. In the visual 
evaluation study by Diederich et al. [26], it was found that pulmonary nodules <5 mm were 
detected much better on 15 mm MIP images than on 30 mm MIP images. However, this was 
not seen for nodules >5 mm, when comparing both these MIP thicknesses. The results of the 
nodule candidate detection in this study that utilized varied MIP images, are similar to prior 
studies based on radiologists’ findings [14]. Likewise, it also showed a higher sensitivity for 
10 mm MIP images than that of 5 mm, 15 mm and 20 mm MIP images. The detection rate 
of nodules in the 1 mm section slices was lower than that of 5 mm MIP images. Sensitivity 
in the 15 mm MIP images was higher than in 30 mm MIP images. 

The aim of the nodule candidate detection is to find as many true positives as possible, 
but on the other hand to keep the number of false positive findings as low as possible. If we 
first only take sensitivity into consideration, the program detected the truest nodules based 
on the 10 mm MIP images. With the slab thickness of 25 mm, it had the largest  score at 
the candidate detection stage. Although the number of false positives reduced with 33% 
when comparing the 25 mm MIP images with the 10 mm MIP images, the program missed 
6 more nodules (3 nodules 5-10 mm and 3 nodules >10 mm). However, these 6 potential 
undetected nodules would have required follow-up according to the Lung-RADS guidelines 
[28]. Moreover, the sensitivity of 10 mm was significantly higher than that of 25 mm by 
the McNemar's test (p<0.05). Therefore, we recommend the use of the 10 mm MIP images 
setting as optimal setting over the use of the 25 mm MIP images setting, if just a single MIP 
setting is used. In addition, when the results of 16 different MIP slab thickness settings were 
merged, the program achieved a high sensitivity of 98.0% at the nodule candidate detection 
stage. Although more false positives appeared (mean FPs/scan: 46) by combining results 
from a number of MIP slab thicknesses, it provided good results for the false positive 
reduction stage. The FROC analysis showed that with the improved sensitivity after 
combining results from 16 settings at the candidate detection stage, the DL-CAD system 
can even have good performance (sensitivity: 94.4%, false positive rate: 1.0) for lung 
nodule detection. In clinical practice, it is not efficient for human observers to review the 
same scan in multiple slab thicknesses. But the DL-CAD system can process multiple scans 
at any time and detect more nodules with a low false positive rate by combining results of 
different MIP slab thickness settings, which shows its potential assistance for radiologists.
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Although the program could detect most of the nodules by using 10 mm MIP images 
or a combination of MIP images with different slab thicknesses at the nodule candidate 
detection stage, there were still some undetected nodules, most of which were non-solid. 
These nodules have low attenuation and are easily overlapped by vessels. Extending 
the training set with scans with more non-solid nodules might improve the detection of 
these undetected nodules. From the prior study, it is known that the appearance of a solid 
component, when the non-solid nodule becomes part-solid, is a more suspicious finding [29]. 
However, for part-solid nodules, the architecture had actually a much better sensitivity with 
the help of the MIP.

A limitation of this study is that the public dataset was imbalanced for the number 
of solid, part-solid, and non-solid nodules. Because more solid nodules were present, the 
architecture thus tended to be better in detecting solid rather than non-solid nodules. This 
may influence the effect of the optimal MIP slab thickness settings. Also, there might have 
been a bias due to image quality loss during the process of generating MIP images, resulting 
in missing some nodules. To create MIP images with a specific slab thickness, the ideal 
way was using 1 mm axial section slices. But, the public dataset had inconsistent original 
section thicknesses (0.6-2.5 mm), which makes that slices with a section thickness≠ 1 mm 
had to be interpolated causing a slight change in density values. Another limitation might 
be that the ground-truth did not have long-term follow-up study or histological verification. 
It was only determined by the majority vote of the screening radiologists. Some pulmonary 
nodules can be missed by all four readers, but being detected by the program in some MIP 
slab thickness settings.

CONCLUSIONS

We investigated the effect of MIP slab thickness at the nodule candidate detection stage on 
pulmonary nodule detection. The effect of MIP slab thickness at this stage was comparable 
to human reader studies. The combination of results from 16 slab thicknesses showed a 
detection sensitivity of 98% with 46 FPs/scan. For a single MIP setting, with 10 mm MIP 
images, the scheme had the highest sensitivity for lung nodule detection, similar to the 
slab thickness usually applied by human observers. The MIP slab thickness of 10 mm and 
combined results from varying MIP settings can provide better results for false positive 
reduction in the development of DL-CAD systems.
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