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Objective: Image quality evaluation in radiology is most relevant 
when reflects radiologists’ performance. This study assessed how 
image quality measurement in terms of in vivo-characterized 
detectability index (d ) for low-contrast liver lesion assessment in 
CT is correlated with radiologists’ performance across 2 different 
CT reconstructions.

Methods: Fifty-one contrast-enhanced abdominal studies for 
investigating colorectal liver metastases were prospectively per
formed using 2 radiation dose exposures and reconstructed with 
Filtered back projection (FBP) and deep learning image recon
struction (DL) algorithms for a total of 161 noncalcified hypo
attenuating lesions for 3 lesion size (D) subsets ( < 6 mm, 6 to 
10 mm, and > 10 mm). Images were assessed by expert radiologists 
for hepatic lesion detection task and likelihood of malignancy 
across the 2 imaging conditions. All cases were also evaluated 
automatically in terms of in vivo d as a metric of task-based per
formance, both using a conventional technique and a new for
malism of an added frequency term in the internal noise compo
nent of d to accommodate the nonlinearity of the DL recon
struction (d adj).

Results: The study found conventionally defined d’ well-reflective 
of radiologists’ evaluation of FBP images but not well-aligned 
with that of DL images. The new formalism provided more 
consistent reflection of performance across reconstruction tech
niques. In particular, in the lesion group D < = 6 mm, the dif
ference between radiologists’ accuracy in images acquired with 
DL and images acquired with FBP was −26%, and the related 
d adj difference was −9%, whereas the d was 34%. Analogously, 
for the lesion group 6 mm < D < = 10 mm, the differences were 
−15%, −13%, and 29%, respectively. Lastly, for the lesion group 
D > 10 mm, radiologists showed the same accuracy in both FPB 
and DL images, difference in d adj was -11%, and difference in d
was 31%.

Conclusion: The new d formalism can robustly reflect CT sys
tems clinical performance irrespective of reconstruction algorithm. 
The methodology can be more readily applied to assess the real- 
world performance of CT systems.

Key Words: detectability index, radiologists’ performance, clinical 
CT performance, deep learning reconstruction

(J Comput Assist Tomogr 2026;00:000–000)

A dequate image quality at the lowest radiation risk to 
patient is the overall goal of every CT acquisition and 

the goal of technical improvements in CT. Such improve
ments can be introduced in both the scanner’s hardware 
and software. Examples of the first category are the state- 
of-the-art new acquisition technologies, such as photon 
counting CT.1,2 Of the second are the new reconstruction 
techniques. In particular, the implementation of iterative 
reconstruction (IR) and deep learning image reconstruction 
(DL) methods promise improved image quality and 
reduced radiation dose. However, to assess such potential, 
there is a need to assess image quality in vivo in such a way 
that is reflective of the actual clinical performance of the 
system.3,4

Over the years, several approaches have been intro
duced to objectively measure image quality from patient 
images in terms of metrics such as noise magnitude, spatial 
resolution, and image Hounsfield Units-contrast character
istic and distribution.5–7 Spatial resolution and noise 
quantities can be combined to derive an overall metric of 
image quality, the so-called detectability index (d ), which 
represents the combined effect of those metrics to represent 
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a specific task based on signal detection theory.8,9 The 
detectability index represents a generic reflection of the 
information content of images, applicable to both detection 
and classification tasks.10 However, d is relevant only to 
the extent that it reflects the radiologists’ interpretation of 
images. This is particularly relevant to reconstruction 
techniques, including deep learning methods, which use 
nonlinear processes.11–13 Can d’ reflect the radiologists 
performance as it varies across reconstruction methods?

The purpose of this study was to assess in vivo d for 
2 different CT reconstruction techniques at 2 dose levels, 
and to compare it with radiologist’s performance in the 
detection and characterization of low-contrast liver lesions 
in abdominal CT. In particular, contrast-enhanced abdomi
nal studies for investigating colorectal liver metastases were 
prospectively performed using 2 radiation dose exposures 
and reconstructed with Filtered back projection (FBP) and 
DL algorithms. The interpretation accuracy was then 
compared with 2 different d computational methods.14,15

MATERIALS AND METHODS

Clinical CT Image Dataset and Qualitative 
Analysis

The clinical images were obtained from a prior 
prospective patient study11 with Institutional Review Board 
approval. The study evaluated Deep Learning (DL)-based 
reconstruction and FBP reconstruction contrast-enhanced 
CT examinations of the abdomen (performed in the same 
breath-hold) for the detection of hepatic metastases in 
patients with colorectal adenocarcinoma. The study 
included clinical CT scans of 51 patients reconstructed 
under 2 different imaging conditions for a total of 102 
image datasets. In particular, the imaging conditions 
included: (1) a standard dose (SD) and a 65% reduced 
dose acquisition (RD); and (2) 2 different CT reconstruc
tions, including a standard reconstruction with Filtered 
Back Projection (FBP), and DL-based medium-strength 
Reconstruction (DL-medium). The imaging protocol and 
radiation dose parameters used for the clinical CT image 
dataset are listed in Table 1.

The evaluation also included assessments of radiol
ogist’s accuracy in assessing lesion’s malignancy for 3 lesion 
size subsets ( < 6 mm, 6-10 mm, and > 10 mm) and 2 
imaging conditions (ie, standard dose FBP, and reduced 
dose DL-based kernel) on a total of 161 noncalcified 
hypoattenuating lesions (127 metastatic and 34 benign, 2 to 

15 mm in diameter). Details of the analysis and the related 
results are reported in a previous study.11 In particular, 3 
radiologists used a Likert-type scores for each lesion with 
respect to characterization (1 = definitely benign; 5 = defi
nitely malignant) and related confidence in the diagnosis 
(1 = lowest confidence; 5 = highest confidence). The ground 
truth was established by full agreement of 2 nonblinded 
consensus reviewers.

Quantitative Analysis

Conventional Observer Model
All cases were processed using a validated algorithm 

for automated in vivo image quality metrics to extract a d
based on the Fisher-Hotelling (FH) observer model with an 
eye filter (E) and internal noise (N) for 3 categories of lesion 
sizes: smaller than 6 mm, between 6 and 10 mm, and greater 
than 10 mm. This conventional d was formulated as15

=
( + ) +

d
W MTF E

E NPS N
dudv

1
,2

2 2 2

2 ð1Þ

where W represents the mathematical model of the 
considered task incorporating lesion size and contrast, 
observer distance to monitor, the field of view, and screen 
size; is a non-negative coefficient, MTF is the modulation 
transfer function computed over the air-skin region in CT 
scans, and NPS is the noise power spectrum measured over 
a uniform region inside the body.6,16,17 Following Richard 
and Siewerdsen,18 N was calculated as

=N D ,2 ð2Þ

where D is the reader distance to the monitor, is the 
SD of the noise in the image, and is a small positive 
coefficient ( <0 1) determined empirically.

Adjusted Observer Model
Some prior studies have shown that Equation (2) may 

not fully capture the human perception of the noise,19–22

particularly given the frequency-dependent filtering of DL 
reconstruction methods.23 As such we generalized the 
internal noise formulation with an added frequency 
component as

=N D f ,r
2 ð3Þ

TABLE 1. Scanner Parameters for the Acquisition of the Clinical Dataset

Parameter Value

Scanner vendor and model GE health care—revolution CT ES
Detector configuration (mm) 128 ×0.625
Beam collimation (mm) 80
Acquisition section thickness (mm) 5, full mode
Reconstruction thickness and increment (mm) 2.5/2.5, plus mode
Pitch 0.508:1
Rotation time (s) 0.5-0.7
Table speed (mm/rotation) 40.64
Radiation dose requirements: SD: settings to approximate standard exam. 

RD: settings to approximate 65% dose reduction.
Tube potential (kV) 120
Image reconstruction algorithms FBP: filtered back projection 

Medium-DL: medium strength deep learning image reconstruction
Reconstruction kernel Standard plus
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where is a nonpositive number ( 0), and fr is the 
radial frequency. By this formulation, instead of a assuming 
a constant internal noise across all frequency, the model 
allows the internal noise to be lower at higher frequencies, 
consistent with high-contrast visual-contrast sensitivity. In 
the implementation, to avoid singularity, a small positive 
constant was added to fr . The resulting equation for the 
adjusted d was thus formulated as

=
( + ) +

d
W MTF E

E NPS D f
dudv

1
.adj

r

2
2 2 2

2 2 ð4Þ

To assess how the d values correlate with radiologists’ 
results, a heuristic optimization problem using genetic 
algorithm (GA) approach was solved to select the hyper
parameters , , and . The initial step involved the 
definition of decision variable bounds, specifying the 
permissible ranges for each hyperparameter. The boundary 
of the search for each of the hyperparameters was set to

10 1,8

0 1,

and

3 0.

The hyperparameters were used to calculate d values 
for both FBP and DL reconstructed cases. Assuming DL 
condition may only influence the frequency component of 
the internal noise, and were considered common 
parameters across both reconstructions (reflecting conven
tional d methodology), but was allowed to be recon
struction dependent. For each set, the resultant d for FBP 
and DL-based kernel were evaluated at each lesion size 
category.

The optimal set of hyperparameters was constrained 
to ensure that increased or decreased d values correspond 
with similar trend in the accuracy of the radiologists’ 
readings for each lesion size category. Set up as an 
optimization problem, the goal was to minimize the 
deviation between radiologists results and d results across 
lesions sizes. To prevent zero nominators, we used the 
logarithm of the radiologist’s accuracy rate. The objective 
value was to minimize the SD of the absolute deviation 
between accuracy rate difference and d difference across all 
lesion sizes.

To conduct the optimization, the distributed evolu
tionary algorithm Python library (DEAP) was used.24 An 
initial population of 500 candidate solutions was initiated, 
with random parameter values falling within predefined 
bounds. The NSGA-II (Non-dominated Sorting Genetic 
Algorithm II) selection strategy25 was utilized to determine 
which solutions should serve as parents for the subsequent 
generation. A blending strategy was applied during the 

crossover operation, where parent solutions were paired, 
and their genetic material was combined. Therefore, during 
the crossover operation, the genetic material of the 
offspring was a balanced blend of the genetic material 
from both parent individuals. To promote exploration of 
the solution space, a Gaussian mutation with a zero mean 
and 0.2 SD was implemented. Furthermore, the initial 
mutation rate was set at 0.2 and dynamically increased 
from 0.25 to 1 after the fifth generation. For each set of 
candidates, feasibility and objective values were assessed, 
and candidates failing to meet the constraints were removed 
from the population. The optimization procedure was 
iterated for 100 generations, and the candidates exhibiting 
the lowest objective value within the feasible domain were 
recorded as the optimal hyperparameters. Radiologists’ 
accuracy, d , and d adj were compared qualitatively and 
quantitatively terms of percentage differences between FBP 
and DL images.

RESULTS
The median accuracy for radiologists for the 3 nodule 

size categories, the d , and d adj values for both FBP and 
DL images are reported in Table 2, together with the 
related SDs. Figure 1 depicts the plot of d versus the 
median accuracy by radiologists for 3 nodule size categories 
before adjustment. While there is an increase in both d and 
accuracy rate as the nodule size increases, the changes in 
accuracy and d rates are not consistent in the FBP and DL 
images. For example, for small- and medium-sized lesions, 
the radiologist accuracy rate for FBP is higher than the 
radiologist accuracy rate in DL-based images. However, d
in FBP was smaller than the d in DL images, which was 
inconsistent with radiologists’ results.

The desired condition for the hyperparameters was to 
find common hyperparameters for both FBP and DL-based 
images. However, excessive domain search did not produce 
a feasible solution, except when was allowed to be 
different for FBP and DL images, thus d adj could be 
calculated. The optimal parameters were = 0.25 and 

= 0.87 for both FBP and DL images and = 2.8 for 
FBP, and = 2.4 for DL images. The radiologist 
accuracy rate versus the d adj is depicted in Figure 2. The 
plot shows higher values from DL images to FBP images 
for the same lesion size category, aligned with radiologists’ 
accuracy rate.

Figure 3 shows the distribution of the d for the default 
parameters, radiologist accuracy rate variability, and d adj 
distribution across 3 lesion size categories. It shows that the 
new distribution of the detectability index better represents 
the accuracy rate distribution. Across all lesion size 
categories, unlike conventional d , d adj had consistently 
lower values for the DL images compared with the FBP 
images, which aligns with the radiologists’ evaluation.

As showed in Figure 4, in the lesion group D < = 
6 mm, the difference between radiologists’ accuracy in 

TABLE 2. For Each Lesion Group Size: Median Radiologist Accuracy, d , and d adj Values for FBP and DL Images, and Related SDs

FBP DL

Lesion Group Radiologist Accuracy (%) d d adj Radiologist Accuracy (%) d d adj

D < = 6 mm 47.69 ± 50.34 1.07 ± 0.51 0.11 ± 0.05 35.38 ± 48.19 1.43 ± 0.67 0.10 ± 0.04
6 mm < D < = 10 mm 91.67 ± 27.83 2.96 ± 0.92 0.30 ± 0.09 77.78 ± 41.87 3.81 ± 1.21 0.26 ± 0.08
D > 10 mm 95.83 ± 20.41 6.08 ± 1.36 0.61 ± 0.10 95.83 ± 20.41 7.98 ± 1.78 0.54 ± 0.09
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images acquired with DL and images acquired with FBP 
was −26%, the related d adj difference was −9%, whereas 
the d was 34%. For the lesion group 6 mm < D < = 
10 mm, the difference between radiologist accuracy in 
images acquired with DL and images acquired with FBP 
was −15%, the related d adj difference was −13%, whereas 
the d was 29%. Lastly, for the lesion group D > 10 mm, 
radiologists showed the same accuracy in both FPB and DL 
images, difference in d adj was −11%, and difference in d
was 31%.

DISCUSSION
Assessment of image quality from patient images 

provides a significant insight into the evaluation and 
optimization of clinical imaging performance. However, 
such methodology is valid only if it produces results 
consistent with clinical performance. In this study, we 
evaluated this goal in the context of standard and deep 

learning-based reconstructions. Two different calculation 
strategies for the in vivo detectability index (d ) were 
compared with radiologists’ performance in the assessment 
of low-contrast lesions in abdominal CT in conventional 
and deep learning-based reconstructions. We found that the 
addition of a frequency term in the internal noise 
component of d is critical to provide a better representa
tion of the radiologists’ performance.

In both FBP and DL reconstruction cases, increasing 
the lesion size increased the accuracy rate. However, 
across the 2 image reconstructions for a fixed lesion size, 
conventional d did not follow the radiologists’ accuracy 
rates as closely. We hypothesized that this problem is due 
to the interconnection of the differing behavior of the 
NPS of the DL-reconstructed images and internal noise. 
DL techniques result in a more complex representation of 
noise, similar to some of the distinct noise patterns in 
iterative reconstruction algorithms.26–28 As shown in this 
study, with the straight application of standard d , the 

FIGURE 1. Original d values versus radiologist’s accuracy. Error bars are the calculated SDs. For the small- and medium-sized lesions 
when we switch FBP to DL-based, despite the decrease in the radiologist’s accuracy, d value increases.

FIGURE 2. Radiologist’s accuracy versusdadj values. Error bars are the calculated SDs. All the inconsistency issues are addressed with 
following arrangement of the parameters: α = 0.25 and β = 0.87 for both FBP and DL-based, and γ = -2.8 for FBP and γ = -2.4 for DL- 
based.
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discrepancy between the noise patterns can undermine the 
clinical relevance of d .

This study proposed a model for the d anchored and 
trained upon real radiologist reading of clinical data. Due 
to the nature of the data, there are limited number of cases 
and limited number of radiologist readings of the cases, 
which their inherent statistical fluctuations. Our d calcu
lations aimed to best represent the data as generated by 
radiologists. We also additionally investigated the data 
using observer evaluation for each lesion with respect to 
characterization and related confidence in the diagnosis 
analysis keeping track of the individual scores of radiol
ogists. However, we found some discrepancies in the data, 
including small benign lesions looking more malignant, or 
small malignant lesions looking more benign. The proposed 
d adj essentially aims to account for such inconsistencies. 
While these discrepancies persist, they still represent the 
reality of clinical practice, and thus any characterization of 
radiologist perception in terms of d needs to include such 
realities.

Because d can predict human-observer accuracy, it 
has assumed a key role in the evaluation of diagnostic 
imaging.8 The recent development and implementation of 
automated CT image quality measurement techniques have 
enabled d calculations in clinical cases in vivo. Accuracy of 
such approaches is pivotal as the results are expected to be 
used in the optimization of CT procedures. Especially in the 
implementation of new technologies, the goal is assuring 
the maintenance of image quality at lowest possible 
radiation dose. However, inaccurate metrology can under
mine that objective. Several studies have shown how some 
traditional image quality metrics may not always reflect the 
reader confidence or performance when performing a 
diagnostic task.11 Therefore, an improved measured image 
quality might not necessarily imply better diagnostic 
performance. This makes a strong case for careful and 
anchored formulation of image quality in the context of 
new technology, in our case, DL reconstruction.

The genetic algorithm (GA) optimization results 
demonstrated that there is no common hyperparameter 

FIGURE 3. Distribution of the d for the default parameters, radiologist accuracy rate variability, and d adj distribution across 3 lesion 
size categories. All the inconsistency issues are addressed with following arrangement of the parameters: α = 0.25 and β = 0.87 for both 
FBP and DL-based, and γ = −2.8 for FBP and γ = −2.4 for DL-based. In the left and right plots, the central box represents the interquartile 
range (IQR) and the median (vertical line); the whiskers extend to the quartile value within 1.5 times the IQR from the quartiles; and the 
black dots are individual points outside this range.

FIGURE 4. Percentage differences between images acquired with DL and images acquired with FBP for radiologists’ accuracy, d adj, 
and d in the 3 lesion groups.
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for FBP and DL-based images to address the inconsistency 
between the radiologist accuracy rate and the d values. To 
that extent, Richard and Siewerdsen proposed the intrinsic 
noise for the FBP kernel to be modeled as we reported in 
Equation (2) without considering the influence of anatomic 
background noise.18 Our study suggested that a new image- 
dependent parameter can be representative of the change 
in the spectrum of the intrinsic internal noise component. 
Therefore, was embedded into the conventional detect
ability index. The GA optimization eventually led to the 
selection of constant and values for both FBP and DL- 
based images, and a variable value. This provides a 
strategy to accommodate the application of observer 
models to nonlinear image processing methods.

As a limitation, we note that this study included a 
relatively small sample size of 102 CT studies, which may 
affect the generalizability of the findings. However, the 
presented model can be applied to bigger clinical popula
tion for a more extensive validation, as well as application 
to other imaging tasks. In particular, future works, 
including studies at other dose levels and with additional 
image reconstruction algorithms or settings, can help 
determine the range of conditions over which γ remains 
stable.

CONCLUSION
Detectability index for 2 different CT reconstruction 

techniques, namely Filtered Back Projection and Deep 
Learning Image Reconstruction, was calculated applying 2 
methodologies and compared with radiologist performance 
in the assessment of low-contrast liver lesion in abdominal 
CT. An adjusted d formalism, including a frequency 
term for internal noise showed a more consistent associa
tion with radiologist accuracy, reflecting the interplay of the 
NPS, the internal noise, and the eye filter. The new 
formulation can provide a better representation of the 
image quality in nonlinear reconstructed CT images.
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