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Abstract-:

Al (Artificial Intelligence) is revolutionizing every aspect of the modern world, including medical imaging. Artificial
intelligence is increasingly being employed through machine learning (ML) and deep learning (DL) to address the issue
of radiation dose. This study worked on the fundamental facets of computed tomography that have primary control over
radiation exposure to determine the relevance of physics-based automatic algorithms and artificial intelligence
algorithms used in computed tomography for optimizing radiation dose. For this study, patients were stratified based on
BMI, considering basic CT parameters such as kVp selection, tube current modulation (mAs), scan length, pitch, and CT
FOV (field of view), which directly affect radiation dose optimization and Radiation dose indices such as CTDIvol, dose
length product and effective dose were calculated to know the effectiveness of the techniques. Considering the
importance of mAs and kVp, work was mainly done on real time modulation of X-ray tube current and real time
automatic kVp selection and fixed value of scan length, pitch, and FOV (field of view) to determine the effectiveness
and limitations of current automatic techniques. Finally, the current role and future scope of artificial intelligence for
radiation dose optimization in computed tomography were diagnosed.

Result: The Mean effective dose ranged from 1.42 mSv (head) to 4.71 (abdomen) and 5.22 mSv (chest). In the case of
head CT scans, the effective dose varies across automatic exposures, with real time modulation of kV ranging from
1.210 mSv at a BMI of 16.8 (kg/m?) - 2.062 mSv at BMI of 27.7 (kg/m?) in an obese patient and 1.5 mSv at BMI of 24
(kg/m?) in a patient scanned with a fixed 120 kVp to 2.041 mSv at BMI of 25.7 (kg/m?) and 1.810 mSv at BMI of 32.5
(kg/m?). While in the abdomen and pelvis it ranged from 2.595 mSv at a BMI of 19 (kg/m?) - to 5.655 mSv at a BMI of
29.4 (kg/m?). The low dose chest effective dose varies across the automatic exposures with real time modulation of kVp
(80 kVp to 140 kVp), from 3.150 mSv for a thin patient with a BMI of 15.6 (kg/m?) - to 6.45 mSv for an obese patient
with a BMI of 30.4 (kg/m?) and with a fixed 100 kVp, the effective dose ranged from 1.120 mSv at a BMI of 14.8
(kg/m?) to 4.242 mSv at a BMI of 38.6 (kg/m?), while with a fixed 120 kVp, the effective dose ranged from 2.450 mSv
at a BMI of 18.7 (kg/m?) to 4.242 mSv at a BMI of 38.6 (kg/m?) but up to 6.006 mSv at a BMI of 29.5 (kg/m?). In the
case of cardiac CT scans, the effective dose ranged from 1.17 mSv at a BMI of 23.5 (kg/m?), including 1.246 mSv at a
BMI of 20.2 (kg/m?) - 3.766 mSv at a BMI of 28 (kg/m?).

Conclusions - Al holds significant promise for reducing radiation exposure in CT scans. Al-based technologies enhance
positioning and scan range accuracy through automatic patient centering and delineation, thereby lowering radiation
doses and minimizing over-scanning, but the selection of fundamental CT scan parameters is still performed by
traditional physics-based automatic techniques which are performing better near the reference tube current/ control Tube
current and modify the radiation exposure using scan scout images but more variation in exposure found in obese
patients as well as underweight patients. The involvement of Al in AEC may consider fully automating the AEC system
or removing AEC limitations but the current absence of FDA-approved Al algorithms to modulate mAs and kVp on
AEC by any vendor defines that the scope of AI on automatic MA and KVP modulation is broad but under development
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Introduction- 1- Computed tomography has
revolutionized medical imaging and has become an
integral part of medical imaging. Using X-ray
technology with advanced computer processing, CT
scans can generate detailed cross-sectional images of
the body’s internal structures. Various advancements in
computed tomography have marked this modality as
fast, detailed, and accurate imaging modality for
imaging of internal body structures and has become a
versatile modality in many specialties—including
emergency medicine, oncology, cardiology, neurology,
and surgery—demonstrates its vital role in patient care.
Although, imaging benefits are undeniable, but CT
scanning involves the use of ionizing radiation—a
factor that raises concerns about risk of radiation dose,
particularly with repeated or high-dose exposures.

1.2- Automatic Exposure Control Strategies-:
The most common technology used to reduce dose in
CT is AEC. AEC is used for real time modulation of the
X-Ray tube current in CT scanning which
automatically adjusts the radiation exposure [1] and the
introduction of AI Algorithms can further refine
automatic tube current modulation which ensures
optimal image quality with minimum radiation dose.

1.3- Artificial intelligence (AI) —: Al is a wide
area of study that includes different strategies, each of
which uses its own methods to accomplish a core goal.
The core goal is

to create both hardware and software so that machines
can perform smart, thinking tasks like decisions-
making [2]. In machine learning, algorithms are taught
to perform certain jobs by learning patterns from large
data sets. Deep learning is a type of machine learning
that uses artificial neural networks, which are like
human brain, to solve very difficult problems with very
large amount of data [3].

14- Artificial  Intelligence in  computed
tomography- The introduction of Al in medical
imaging has transformed every aspect of medical
imaging and diagnosis.Al, in the form of traditional
machine learning, or the more recent deep learning,
other types of learning, has been successfully
demonstrated to optimize radiation dose in Computed
tomography. Al could revolutionize every involved
aspect of computed tomography, from positioning the
patient on the scanner to reconstruct final output image.

1.5- Dose optimization —  Radiation-Dose
optimization is a Basic rule of radiation protection of
public as portion of healthcare. It is defined as
maintaining doses “as low as reasonably achievable
(ALARA principle). Dose optimization actually works
with various Dose-saving measures to achieve greatest

advantages while maintaining minimal radiation risk
because the basic goal of diagnostic imaging is to get
an accurate informative diagnostic image with very low
radiation dose that is reasonable to achieve. Automatic
control of some of the basic parameters of computed
tomography which involves X-Ray tube current
modulation(mAs), kVp selection, pitch, range and slice
thickness directly impact the radiation exposure. Al-
based algorithms such as machine learning and deep
learning can optimize various CT parameters, including
patient positioning, scan range, and technical factors
like tube current and voltage, and claim to minimize
radiation exposure compared to fixed tube current
settings [4][5]. AI Algorithms may also refine
traditional Physics and mathematics-based algorithms
that are used to control Several basic parameters of a
CT scans to optimize image quality and reduce
patient’s radiation dose. These parameters include tube
current modulation, kVp selection, and slice thickness

[6][71[8].

2. Material and Methods

In order to find out the relevance of current automatic
techniques and Al based algorithms in radiation dose
optimization, there is a need to understand the role of
Al in every facet of CT scan imaging, from patient
positioning to the final reconstruction of an image.
Specifically, on the basic parameters of CT scans that
manage radiation dose such as X-ray tube current, KVP
selection, scan length, pitch, slice thickness and FOV
(field of view) CT scans were performed with
Biograpgh m CT (Siemens Healthcare, Forchheim,
Germany) 128 slices with low-dose technology. The
manufacturer introduced AIDAN (An application of
Artificial Intelligent Scanner platform) with the various
Al based algorithms in these Scanners and a dedicated
CT scanner SOMATOM Drive Dual Source technology
(Siemens Healthcare, Germany).

The study population consisted of 50 consecutive
patients (25 women; 25 men). The mean age was 42
years and the study utilized patient data that was
acquired with the following scan settings.

The data was collected for head, cardiac, chest, and
abdominal scans.

Two different scanning setting were used in these
patients.

A. Real time modulation of X-ray tube current
(automated mAs selection) with automatically
machine-defined fixed kVp of 120 kVp Head, 120 kVp
cardiac, 120 kVp chest, 100 kVp chest, and 100 kVp
abdomen.

B. Real time modulation of X-ray tube current and real
time automatic kVp selection.

Radiation doses were measured using the CT Dose
index CTDI (measured in units of mGy) which is
actually radiation output of a CT Scanning machine and
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CTDIw (mGy) (weighted average dose across single
slice). CTDIy is divided by the pitch factor (the table
movement during one rotation of the X-ray tube
divided by the slice thickness) to obtain CTDI,L.

CTDIvo= CTDIw / pitch

Finally, the CT DLP was measured as follows to find
the overall dose output or total radiation output.

DLP (mGy cm) = CTDIvw..(mGy) X Scan Length
(cm).

Patient Scan

range/Scan

positioning
Length

Finally, the effective dose is calculated using W=
tissue weighing factor and Wy radiation weighing
factor according to the dose recommendation ICRP
report 103 (2007).

Wk radiation Weighing factor =1

BMI Body Mass Index: Measured using patients’
weight and height.

BMI =
Weight/ (Height)?

Parameter Image
‘ Selection * reconstruction

Perspective of the interpretation of a computed tomography (CT) examination.

Patient positioning — The CT X-ray tube rotates around the patient isocentre. Accurate patient positioning at this centre
is fundamental factor to maintain image quality [9] and radiation dose optimization. Positioning error >20 mm is clinical
unacceptable and trained Al algorithms detects patients’ anatomic landmarks to reduces positioning errors to 0 [10].

Average absolute
error + standard deviation absolute

Anatomic region and
centring method (mm)

Maximum Percentage of
patients with

error (mmj) error =20 mm

Chest
Manual 1949 19 50%
Automatic T+4 15 %
Abdomen
Manual 18+ 11 43 40%
Automatic 442 9 0%
Source: Saltybaeva et al. (2018).

Scan Range and protocol Selection- Automated scan
range detection to minimise anatomical area subject to
radiation exposure is an important facet under radiation
dose optimization. Many manufacturers across the
world are working to develop Al-Based algorithms for
standardized clinical protocol strategy. FlowMotion Al,
under AIDAN by Siemens-Healthineers, integrating
continuous bed motion technology and Al algorithms
for anatomical landmarks detection to automatically
plan scan ranges using CT Scout image [20] and
similar approaches are under development to optimize
automated scan ranges and protocol selection by Al
algorithms [19]. Fixed Scan range and Manual Protocol
selection were considered for this study to find out
scope of Al on fundamental CT Scan parameters for
radiation dose optimization.

Scout image parameters- Cardiac and head scout
images were acquired at 120 kVp with a maximum

tube current of 35mAs while chest and abdomen Scout
images were acquired at 100 kVp with a maximum
tube current of 35 mAs. Average CTDI volume range
during scout image = 0.05 - 0.09 mGy.

AEC determines the tube current based on scout
images [24] which is further used for real time
modulation of the X-ray tube current in CT. Currently,
some AEC systems use simple machine learning
techniques to select optimal tube potential and tube
current [4]. In obese patients, AEC raises the tube
current and consequently X-ray exposure compensates
for attenuation by the thick tissues and preserves the
number of detected photons [19].

The images shown in Figure -1 define the use of
attenuation-based AEC tube current setting to reduce
radiation exposure comparison to the fixed mAs
(Figure -1a) setting which exposes the body to high
radiation and Figure -1c defines the need for additional
algorithm to reduce the attenuation-based raised mAs.
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Figure -1: AEC based real time modulation of X-ray
tube current compared to fixed tube current Low-dose
technology Biograph m CT where a long scan (from
head to thigh) is performed to guide other modalities
like PET. The figure (a) shows constant mA with
constant radiation exposure throughout the body (b)
shows real-time modulation of the X-ray tube current
in a normal patient (c) shows real-time modulation of
the X-ray tube current in an obese patient where the
minimum and maximum mA settings on the AEC
define the mA at which the X-ray tube current is
increased beyond certain limits.

Parameters selection— Many parameters determine
how the radiation is delivered to the patient but
radiation exposure is primarily bent upon mAs and
kVp. The relationship between mAs and patient dose is
direct, exhibiting a 1:1 linear relationship when all
other exposure factors remain constant and increasing
the kVp value raises both the average energy of the
photons in an X-ray beam and the total number of
photons [12].

The main focus in this study is on mAs and kVp and
the fixed value of scan length, pitch and FOV (field of
view) has been considered to explore the scope of
machine learning on the basic parameters of radiation
dose in CT.

During automatic exposure Control a reference mAs is
customized for a standard size patient and the AEC
modulates real time tube current around this value
based on patient attenuation.

AEC adjusts mAs upwards for larger patients and
downwards for smaller patients to maintain image

(b)

(c)

quality [13]. Predefined, minimum and maximum mAs
setting maintain mAs within certain limits to reduce
radiation exposure [14,15]. AEC systems vary between
manufacturers in terms of parameters to be set and
resulting radiation dose modulation [11, 16, 17].
Currently, some AEC systems use simple machine
learning techniques to select optimal tube potential and
tube current [4].

Before the
each patient's weight and height were measured,  and
their BMI
was calculated. The groups of patients were then divide
d based on their BMI: underweight (UW) if their BMI
was below 19.5 kg/m? (underweight less than 16 kg/m?
is severe thinness

), normal weight (NW) if their BMI was between 20-
24.9 kg/m? overweight (OW) if their BMI was
between 25 and 29.9 kg/m? and obese (OB) if their
BMI was 30 kg/m? or higher [22].

CT scan,

A. Scan data acquired with real time modulation of
X-ray tube current and automatic exposure with
fixed auto selected kVp.

1. Head Scan CTDIvol (mGy), and DLP (mGy.cm)
and effective dose (mSv) of procedures performed
using automatic exposure with real time modulation of
X-ray tube current under reference tube current/control
Tube current of 340mAs and with fixed auto selected
120 kVp, 0.55Pitch, 164mm scan length, and 300 mm
FOV. Predefined automatically selected minimum mAs
of 37mAs and maximum mAs of 1200 mAs.
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In CT scans, the AEC modulates mAs according to the
scout image used to determine radiation dose
modulation.  Additional predefined settings of
maximum mAs and minimum mAs act as a check on
the doses modulated by the AEC which are clearly
visible as the difference between the mAs and DLP
curves. The mAs defined by AEC in obese with a BMI
of 32.5 (kg/m? is higher but dose length product is
diminished. Furthermore, the AEC response in the
underweight thin patient listed on serial number 1,
whose BMI is 14.8 (kg/m2), approaching the reference
tube current/control tube current of 340 mAs results in

mAs
DLP

o
202 232 233 235 273 28 281 326
BMI

(2)

\VAVAVA

0
148 188 203 23 233 248 251 325
BMI

(b)

0
202 232 233 235 273 28 281 326

BMI

(c)
Figure -2: Graphical representation of head scans data (a) mAs vs BMI (b) DLP vs BMI (¢) Comparison of
effective dose with respect to BMI.

radiation exposure similar to that of a patient with a
BMI of approximately 23 (kg/m?).

2. Cardiac Scans CTDIvol (mGy), and DLP
(mGy.cm) and effective dose (mSv) of procedures
performed using Automatic exposure with real time
modulation of X-ray tube current under reference tube
current/ control Tube current of 40 mAs with fixed auto
selected 120kVp, 0.3 Pitch, 164mm scan length, and
780mm FOV. Predefined automatically selected
minimum mAs of 7mAs and maximum mAs of 219
mAs.

0 2

(b) (©)

Figure -3: Graphical representation of cardiac scans data (a) mAs vs BMI (b) DLP vs BMI (¢) Comparison of
effective dose with respect to BMI.

In cardiac CT scans, the AEC modulated mAs shown in Figure 3 show the response of mAs vs. BMI and DLP vs. mAs
except for the BMI of the obese patient where the effective dose is slightly reduced at higher AEC defined mAs with a
higher effective dose of 3.7 mSv at a BMI of 28 (kg/m? which is slightly higher than the effective dose of 3.6 (3.57)

mSv at a BMI of 32.6 (kg/m?).

3. Chest Scan

(a) procedures performed using Automatic exposure with real time modulation of X-ray tube current with fixed 100 kVp
under reference tube current/control Tube current of 110mAs, 1.3 Pitch, 253.5mm scan length, and 780 mm FOV.
Predefined automatically selected minimum mAs of 8mAs and maximum mAs of 256 mAs.
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Figure -4.1: Graphical representation of chest scan (100 kVp) data (a) mAs vs. BMI (b) DLP vs. BMI (¢)
Comparison of effective dose with respect to BMI.

In a chest CT scan performed at 100 KVp, the AEC modulated mAs shown in Figure 4.1 shows a response of mAs
curve similar to the DLP curve with a higher effective dose of 4.242 mSv at a BMI of 38.6 (kg/m?.

(b) Chest Scan - procedures performed using Automatic exposure with real time modulation of X-ray tube current with
fixed 120 kVp under reference tube current/ control Tube current of 110mAs, 1.3 Pitch, 253.5mm scan length, and 780
mm FOV. Predefined automatically selected minimum mAs of 8mAs and maximum mAs of 256 mAs.
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Figure -4.2: Graphical representation of chest scans (120 kVp) data (a) mAs vs BMI (b) DLP vs BMI (c¢)
Comparison of effective dose with respect to BMI.

In a chest CT scan performed at 120 KVp, the AEC modulated mAs shown in Figure 4.2 shows that the response of the
mAs curve is different from the DLP and there are some situations with diminished radiation dose length product curve
(DLP) compared to mAs curve. Whereas, the high effective dose of 6.006 mSv at a BMI of 29.5 (kg/m?) which is higher
than the effective dose of 5.94 mSv at a BMI of 39 (kg/m?).

4. Abdomen with pelvis- The abdominal scan was performed with real time automatically modulated X-ray tube
current mAs and automatically modulated kVp with a reference tube current/ control Tube current of 210mAs, 0.8Pitch,
431.5mm scan length, and 780 mm FOV. Predefined automatically selected minimum mAs of 17mAs and maximum
mAs of 555 mAs.
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Figure -5: Graphical representation of abdomen scans (120 kVp) data (a) mAs vs. BMI (b) DLP vs. BMI (c)
Comparison of effective dose with respect to BMI.

In abdominal CT scans, the AEC modulated mAs shown in Figure 5 shows a response of the mAs curve similar to the
DLP curve with a lower radiation dose length product curve (DLP) in obese patients. The highest effective dose of 5.655
mSv at a BMI of 29.4 (kg/m? is higher than the effective dose of 5.085 mSv found at a BMI of 31.3 (kg/m2).

B. Scan data acquired with automatic exposure with real time modulation of X-ray tube current and automatic

exposure with real time modulation of kVp.

(a) Head Scan — Real time automatically modulated X-ray tube current mAs and automatically modulated kVp with
reference tube current/control at 340mAs, 0.55Pitch, 164mm scan length, and 300 mm FOV. Predefined auto selected

minimum mAs of 37mAs and maximum mAs of 1200 mAs.

700 1,000
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800
500

mAs
DLP

16.8 203 206 269 217 16.8 203

BMI

(@)

In a head CT scans performed with real time
automatically modulated X-ray tube current (mAs) and
real time automatically modulated Energy (kVp), the
AEC response in a lean underweight patient with a
BMI 16.8 (kg/m? reached higher than reference tube
current/ Control tube current of 340 mAs resulting in a
radiation exposure greater than that of a patient with a
BMI of 20.3 (kg/m?) but less than that of a patient with
a BMI of 20.6 (kg/m?). A high effective dose of 2.064
mSv was found at a BMI of 27.7 (kg/m?).

A comparison of real-time modulation of energy (kVp)
versus fixed kVp shows that real-time modulation of

206
BMI

(b)

259 217

(c)

Figure -6: Graphical representation of head scans (real time automatically modulated X-ray tube current mAs

and real time automatically modulated kVp) data (a) mAs vs. BMI (b) DLP vs. BMI (¢) Comparison of effective
dose with respect to BMI.

energy (kVp) increases mAs while reducing kVp to
compensate for the loss in the number of low-energy
X-ray photons at the reduced kVp to maintain image
quality.

(b) Chest Scan - Performed with real time
automatically modulated X-ray tube current mAs and
automatically modulated kVp under reference tube
current/ control tube current of 210mAs, 0.55Pitch,
164mm scan length, and 300 mm FOV. Predefined
automatically selected minimum mAs of 8 mAs and
maximum mAs of 256 mAs.
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Figure -7: Graphical representation of chest scans (real time automatically modulated X-ray tube current mAs
and automatically modulated kVp) data (a) mAs vs. BMI (b) DLP vs. BMI (c) Comparison of effective dose with
respect to BMI.

In chest CT scan performed with real-time
automatically modulated X-ray tube current (mAs) and
real-time automatically modulated Energy (kVp), the
AEC response in an underweight, thin patient with a
BMI of 15.6 (kg/m? decreased kVp to 100 but
increased mA compared to the mA defined in the same
BMI of 15.6 (kg/m2) scan performed with fixed 120
kVp setting. A high effective dose of 6.454 mSv was
found at a BMI of 30.4 (kg/m?.

The effect of the diminished DLP curve in comparison
to mAs curve is reduced in scans that were performed
with automatic exposure with real time modulation of
the X-ray tube current and automatic exposure with real

time modulation of kVp compared to the mAs curve
found in scans performed with fixed kVp.

Al in Reconstruction and Lesson Detection- exciting
application of Al in CT is the use of a convolution
neural network (CNN)-based deep learning approach to
reduce image noise (also referred to as ‘denoising’)
[25] [26] [27]. The promising DLR algorithms for dose
reduction technique has been approved by the FDA
USA and is now being developed for commercial use.

Stastistical Analysis — Continuous variables were
presented as mean plus standard deviation (range) and
categorical variables as frequencies or percentages.

Group Scan Type | BMI Tube CTDlvol DLP Effective
and kVp | (kg/m?) Current (mGy) (mGy-cm) Dose (mSv)
Defined (mAs) Mean = SD

Mean+ SD | Mean+ SD | Mean+ SD | Mean + SD

Group 1 Head CT | 22.83 + [ 39825 £ 5033 + | 86583 £ |1.82+0.30
(Mixed 120 | 5.49 85.64 7.68 133.59
& 100 kVp)

Group 2 Cardiac CT | 25.78 + | 39.88 + | 892+3.67 | 15741 +|220+0.88
(120 kVp | 4.20 9.47 62.77
AutoFixed)

Group 3 Head CT | 22.26 + | 440.40 + | 40.55 + 70840 £ |1.97+031
(Auto 100 | 4.30 115.20 14.36 235.20
kVp)

Group 4 Chest CT | 22.75 +|130.87 £+ | 753+2.88 |200.27 + |2.88+1.39
(100 & 120 | 6.12 52.31 99.52
kVpFixed)

Group 5 Chest CT | 20.87 + | 168.33 £ | 12.06 +|447.00 £ |626+1.74
Auto kVp 1.51 41.26 3.86 130.15

Group 6 Abdomen 24.97 +| 15286 +|682+1.76 |307.71 + |4.61+1.09
CT  Auto | 4.26 36.92 72.94
100 kVp

TABLE1.defining Mean and Standard deviation of parameters.
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Parameter 120 kVp (n=6) 100 kVp (n=2) p-value

CTDIvol (mGy) 53.74 £ 6.98 40.30 £ 9.89 0.048

DLP (mGy-cm) 921.10+121.80 697.50 £ 171.00 0.041

Effective  Dose | 2.10+0.24 1.46 +0.36 0.039

(mSv)

TABLE 2: Comparison of 100 vs 120 kVp (Head CT)

Parameter 120 kVp (n=5) 100 kVp (n=10) p-value
CTDlvol (mGy) 9.80+2.75 5.69+233 0.012
DLP (mGy-cm) 298.40 + 107.20 141.30 £ 66.10 0.008
Effective Dose | 4.18+1.50 1.98 £0.92 0.006
(mSv)

TABLE 3: Comparison of Auto selected 100 vs 120 kVp (Chest CT)

Head CTChest CT
Parameter % Reduction Parameter %
Reduction
CTDlvol 25.0% | CTDlvol 41.9% |
DLP 24.3% | DLP 52.6% |
Effective Dose 30.5% | Effective Dose 52.6% |
TABLE 4: Percentage Dose Reduction (100 vs 120 kVp)
Variable CTDIvol DLP Effective Dose
BMI r=0.62 r=0.66 r=20.65

TABLE 5: Correlation (BMI vs Radiation Dose)

A significant reduction in radiation dose was observed
with 100 kVp compared to 120 kVp protocols. In head
CT, CTDIvol, DLP, and effective dose were reduced by
25.0%, 24.3%, and 30.5%, respectively (p < 0.05). In
chest CT, a more pronounced reduction was noted, with
CTDlvol, DLP, and effective dose decreased by 41.9%,
52.6%, and 52.6%, respectively (p < 0.01).
Additionally, a moderate positive correlation was
observed between BMI and radiation dose parameters
(r = 0.62-0.66), indicating increased dose requirements
with higher patient body mass.

Result- The Mean effective dose ranged from 1.42
mSv (head) to 4.71 (abdomen) and 5.22 mSv (chest). In
the case of head CT scans, the effective dose varies
across automatic exposures, with real time modulation
of kV ranging from 1.210 mSv at a BMI of 16.8
(kg/m?) - 2.062 mSv at BMI of 27.7 (kg/m?) in an
obese patient and 1.5 mSv at BMI of 24 (kg/m?) in a
patient scanned with a fixed 120 kVp to 2.041 mSyv at
BMI of 25.7 (kg/m?) and 1.810 mSv at BMI of 32.5
(kg/m?). While in the abdomen and pelvis it ranged
from 2.595 mSv at a BMI of 19 (kg/m?) - to 5.655 mSyv
at a BMI of 29.4 (kg/m?). The low dose chest effective
dose varies across the automatic exposures with real
time modulation of kVp (80 kVp to 140 kVp), from
3.150 mSv for a thin patient with a BMI of 15.6

(kg/m?) - to 6.45 mSv for an obese patient with a BMI
of 30.4 (kg/m?) and with a fixed 100 kVp, the effective
dose ranged from 1.120 mSv at a BMI of 14.8 (kg/m?)
to 4.242 mSv at a BMI of 38.6 (kg/m?), while with a
fixed 120 kVp, the effective dose ranged from 2.450
mSv at a BMI of 18.7 (kg/m?) to 4.242 mSv at a BMI
of 38.6 (kg/m?) but up to 6.006 mSv at a BMI of 29.5
(kg/m?). In the case of cardiac CT scans, the effective
dose ranged from 1.17 mSv at a BMI of 23.5 (kg/m?),
including 1.246 mSv at a BMI of 20.2 (kg/m?) - 3.766
mSv at a BMI of 28 (kg/m?).

Discussion-Dose optimization in CT includes numbers
of CT scan parameters but this study primely focused
on facets affecting the automatic modulation of
fundamental parameters such as mAs and kVp using
fixed Scan Length, Pitch and FOV. AEC (Automatic
exposure control) an attenuation-based techniques
showed limitation in both obese patients and
underweight thin patients and defined a significant
correlation between scout image attenuation and BML
The use of predefined maximum and minimum mAs
work to control radiation exposure (shown in figure 8)
but in case of overweight obese patient the accuracy of
these predefined mAs limits is affected and obese
patients receive higher radiation exposure.
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Figure -8: Scout image of an and overweight and obese
patient showing AEC defined mAs exceeding the
maximum mAs limit (a) Image Shows the
automatically selected minimum of 8 mAs and
maximum of 256 mAs while the AEC (Automatic
exposure control) directs mAs exceeding this limit (b)
Image shows adjustment of Scan time, Pitch, and
increasing the maximum mAs limits. (c¢) image shows
the increased minimum mAs and maximum mAs
limits.

Procedure performed with a fixed 100 kVp compared
to 120 kVp or higher affects image quality, but the
similar scan performed with automatically modulated
kVp and mAs increases mAs while reducing kVp to
maintain the required number of X-ray photons
required for the image and maintains image quality. In
the case of an underweight patient, the mAs defined by
the AEC approaches near to the reference tube current/
control tube current indicating dominance of the
control tube current as shown in figure 2. The selection
of tube potential based on a single and exclusive
parameter such as BMI will not reflect the automated
algorithm in a complete manner [21]. THE use of
predefined maximum and minimum mAs as check on
AEC defines mAs setting to remove this limitation
raises further question on complete automation of AEC
Algorithm and impacts both radiation dose as well as
image quality in obese and overweight patients. This is
also evidenced by Hatem Alkadhi et al 2011 [21] that
the AEC Algorithm considers various factors beyond
patient attenuation and BMI. For example, some AEC
systems use simple machine learning techniques to
select the optimal tube potential and tube current [19].

Conclusion- Al holds significant promise for reducing
radiation exposure in CT scans. Al-based technologies
enhance positioning and scan range accuracy through
automatic patient centering and delineation, thereby
lowering radiation doses and minimizing over-
scanning, but the selection of fundamental CT scan
parameters is still performed by traditional physics-
based automatic techniques which are performing
better near the reference tube current/ control Tube
current and modify the radiation exposure using scan

scout images but more variation in exposure found in
obese patients as well as underweight patients. The
involvement of AI in AEC may consider fully
automating the AEC system or removing AEC
limitations but the current absence of FDA-approved
Al algorithms to modulate mAs and kVp on AEC by
any vendor defines that the scope of Al on automatic
MA and KVP modulation is broad but under
development

Limitations-The limited number of patients considered
for this study is a limitation of this study and the results
can be improved considering the higher number of
patient data and various FDA approved Al algorithms
have been introduced to reduce noise in reconstructed
images which significantly reduce the radiation dose of
the patient but these algorithms have not been
considered under this study. In the current era, various
CT manufacturers have introduced iterative
reconstruction (IR) in conjunction with artificial
intelligence-based  algorithms to overcome the
limitations of the FBP strategy. Thus, there are
limitations to define the effectiveness of deep learning
algorithm-based trained reconstruction techniques
which may raise concerns of image appearance change
with reduced anatomical details to maintain the contrast
resolution of diagnostic information. Various articles
related to deep neural networks trained on very
extensive training data to achieve advanced
tomographic reconstruction reviewed by Reya V et al
2022 [23] concluded that advanced CT image
reconstruction is moving towards Al reconstruction and
improves issues related to resolution accuracy and
reconstruction time at low radiation dose
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