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  Abstract 

This study addresses the critical issue of effective dose estimation and optimization 

in adult computed tomography (CT) imaging within Ugandan radiology practices. 

The primary objective is to develop a data-driven neural network model capable of 

accurately predicting effective doses based on comprehensive CT scan parameters 

and patient-specific factors such as kVp, mAs, CTDI, DLP, patient weight, and scan 

length. Data were collected from two distinct imaging centers in Kampala, Uganda: 

Center A and Center B, each equipped with different CT scanner technologies. Cen-

ter A’s dataset was utilized for model development, while Center B’s dataset served 

for independent validation. Key CT parameters and patient characteristics were sys-

tematically analyzed. The neural network architecture was optimized through rig-

orous training and validation processes to ensure robust performance. Statistical 

analyses included correlation coefficients between predicted and actual doses, mean 

absolute error (MAE), and root mean square error (RMSE) to evaluate model accu-

racy. Results demonstrate the model’s capability to accurately estimate effective 

doses across different CT scanner technologies, highlighting its utility in optimizing 

patient safety and radiation exposure in resource-limited settings. The findings un-

derscore the significance of tailored dose optimization strategies in Ugandan radi-

ology practice, particularly in the absence of established local dose reference levels 

(DRLs). 
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1. Introduction 

The development of computed tomography (CT) technology since the 1970s has significantly advanced medical 

imaging [1]. However, this progress has also resulted in increased radiation exposure from diagnostic procedures [2]. 

CT scans account for approximately 10% of all radiology procedures, with 11% involving pediatric patients, contrib-

uting an estimated 67% of the total effective dose in the United States [1]. Modern CT technologies, such as Multi 

Detector CT (MDCT), can rapidly produce high-quality, artifact-free whole-body images in as little as 5 to 10 seconds, 

making them increasingly reliable and acceptable in modern healthcare systems due to factors such as improved 

patient comfort and enhanced diagnostic accuracy. While both CT and radiography use ionizing radiation, they differ 
significantly in their image reconstruction processes. Radiography utilizes 2D techniques to measure differential X-
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ray energy absorption [3], resulting in overlapping shadows that can complicate interpretation. In contrast, CT scan-

ning employs reconstruction algorithms to combine multiple X-ray attenuation measurements into spatially resolved 

maps of attenuation coefficients, normalized to water to generate CT numbers. [3] notes that a single CT scan 

measures approximately 800-1400 linear X-ray attenuations, providing detailed 3D cross-sectional views of exam-

ined body parts. 

The primary concern associated with increased CT utilization is the corresponding rise in radiation doses. Reports 

from organizations such as ICRP and UNSCEAR highlight a substantial increase in collective radiation doses [4]. 

This concern is echoed by various studies [5, 6, 1, 7]. [3] points out that CT exams typically result in patient radiation 

doses 100-400 times higher than those from single plain radiographs, necessitating the implementation of optimiza-

tion techniques to minimize doses for both patients and occupationally exposed workers. Effective measures include 

dose monitoring, use of appropriate protective equipment, adherence to ALARA principles, and proper room shield-

ing. Protecting patients is a critical consideration, requiring collaboration among healthcare stakeholders ranging 

from scanner manufacturers to radiographers. This involves: 

(a) Developing CT scanners equipped with automatic exposure control (AEC) to regulate patient dose [8]. 

(b) Establishing regulatory frameworks defining Dose Reference Levels (DRLs) and guidelines for patient protec-

tion, facilitating comparisons across different scanner manufacturers [9]. 

One of the most crucial strategies for optimizing radiation doses in medical imaging involves the use of Dose 

Reference Levels (DRLs), which provide standardized dose limits for specific imaging techniques, independent of 

image quality and machine specifications [10-12]. Common parameters referenced by DRLs include the Computed 

Tomography Dose Index (CTDI) and Dose Length Product (DLP), which quantify the amount of X-ray energy emit-

ted by a CT scanner [13-15]. Traditionally, CT radiation exposure assessment has been defined through the Computed 

Tomography Dose Index (CTDI), a measure of a CT scanner’s radiation dose output that allows comparison of dif-

ferent scanners. The radiation dose profile D(z) of a CT scanner for a single gantry rotation is quantified using the 

CT Dose Index (CTDI) (mGy) at position z for a specified phantom, as shown in Equation 1.1. 

𝐶𝑇𝐷𝐼 =
1

𝑇
∫ 𝐷(𝑧)𝑑𝑧                                         (1.1) 

where T is the slice width. CTDI100 (mGy), defined by Equation 1.2, is a linear dose distribution measurement over 

a 100 mm long pencil ionization chamber. 

𝐶𝑇𝐷𝐼100 =
1

𝑁𝑇
∫ 𝐷(𝑧)𝑑𝑧

+50𝑚𝑚

−50𝑚𝑚
                                 (1.2) 

where NT represents the product of the number of tomographic slices N and the thickness of each slice T. 

A more refined dose profile quantification parameter is the weighted CTDI (CTDIw), given by Equation 1.3. This 

value is determined by the exposure parameters and accounts for dose measurements in both central and peripheral 

areas of the phantom. It is given by: 

𝐶𝑇𝐷𝐼𝑤 =
1

3
𝐶𝑇𝐷𝐼100,𝑐 +

2

3
𝐶𝑇𝐷𝐼100,𝑝                                (1.3) 

The volume CTDI (CTDIvol) provides a useful way to compare doses delivered by various scan protocols or to 

achieve a specific image quality for a particular patient size. It is the mean absorbed dose in a 16– or 32–cm diameter 

phantom, given by 

𝐶𝑇𝐷𝐼𝑣𝑜𝑙  =
𝐶𝑇𝐷𝐼𝑤

𝑃𝑖𝑡𝑐ℎ
                                           (1.4) 

The length of the scanned area L, multiplied by CTDIvol, yields the Dose-Length Product (DLP), representing the 

patient’s cumulative radiation exposure. It is given by 

DLP = CTDIvol × L.                                          (1.5) 

The CT console provides information on radiation dosage, including CTDIvol (measured in mGy) and DLP (meas-

ured in mGycm). While these parameters are reliable indicators of radiation exposure and serve as key input metrics 

for our subsequent model, they do not account for the radio-biological effects on humans, limiting their effectiveness 

in assessing the actual impact of CT radiation on the human body. Furthermore, the absence of established DRLs in 

many countries necessitates reliance on international standards such as those provided by the ICRP [16]. Studies 
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conducted in Africa have shown that locally defined DRLs often deviate from these international benchmarks, im-

pacting their reliability [17-19]. 

In radiation protection studies, the concept of relative biological effectiveness (RBE) is crucial for assessing bio-

logical effects [20]. These studies involve complex calculations using Monte Carlo codes to simulate radiation 

transport and determine effective dose based on linear energy transfer and weighting factors [21, 22]. Deterministic 

effects of radiation require specific absorbed dose thresholds for organs to show adverse effects, typically ranging 

from 5 to 6 Gy, [23, 24]. Stochastic effects, on the other hand, do not have a threshold and can occur randomly with 

any level of radiation exposure [16]. This complexity underscores the challenge of accurately measuring or estimating 

radiation risks, where effective dose (E) serves as a calculated parameter quantifying the biological impact of radia-

tion on the human body [25, 26]. Effective dose (E) is influenced not only by machine output but also by individual 

factors such as age, weight, and gender. While Lifetime Attributable Risk (LAR) offers a more comprehensive risk 

metric, its calculation requires cancer incidence data not available in this retrospective study; therefore, effective dose 

was used as the primary output. 

The proliferation of CT scanners in Uganda has significantly increased over the years. In the early 2000s, there 

were only 2 to 3 CT scanners in the country, a number that has since grown to approximately 25 facilities, as reported 

in a recent audit of radiology equipment by Elsie et al. [28]. Further details regarding their distribution across the 

population and regions can be found in the same study [28]. This expansion aims to meet the growing public demand 

for enhanced healthcare services. With investments from both private and government sectors, most regional referral 

hospitals now possess CT scanners [29], primarily concentrated in the central region with a few distributed in other 

regions [28]. This trend aligns with increased research efforts focused on establishing national Dose Reference Levels 

(DRLs) for CT machines [30-32]. A survey conducted by Kisembo in [33] highlighted concerns about radiation safety, 

noting high doses indicated by CTDI and DLP that exceeded recommended limits set by the ICRP and CT manufac-

turers. 

The aim of this study is to develop and validate a neural network–based model for estimating effective doses from 

CT scans, using patient-specific factors and CT exposure parameters to support optimization strategies. The study 

focuses on enhancing patient safety in Uganda, where local Dose Reference Levels (DRLs) are not yet established. 

Our model integrates key parameters such as kVp, mAs, CTDI, DLP, patient weight, and scan length to predict 

radiation doses accurately. Data were collected from two radiology centers in Kampala, with Center A’s dataset used 

for model development and Center B’s dataset serving for independent validation. 

By incorporating a data-driven approach, this study aims to bridge gaps in dose optimization strategies, particularly 

in resource-limited settings where access to comprehensive datasets and optimization tools is often restricted. The 

following sections detail the methodology and performance of the model, along with the implications of our findings 

in improving radiation safety practices. 

2. Materials and Methods 

2.1 Patient Profile and Data Description 

The study analyzed CT examination data from a total of 967 adult patients across two imaging centers. The cohort 

comprised 412 male and 555 female patients. For each examination, the following data were recorded: patient-spe-

cific parameters (age, weight, and height), machine exposure parameters (kVp and mAs), and dose metrics (CTDIvol 

and DLP). Additionally, scan length and the use of contrast media were documented. The six primary input variables 

utilized for the neural network model were patient weight, scan length, kVp, mAs, CTDIvol, and DLP. The weight of 

the patients varied between 48.5 kg and 108.9 kg, with a mean weight of 78.77 kg. The age range spanned from 18 

to 110 years, with an average age of 52 years. The height of the patients ranged from 108.6 cm to 148.9 cm, with an 

average height of 128.96 cm. The distribution of the scans was as follows: 307 abdominal scans, 236 brain scans, 

247 chest scans, and 177 combined chest and abdominal scans. Contrast media were used in 41.5% of the scans, 

predominantly for chest and abdominal examinations requiring multiple phases, while 58.5% were non-contrast stud-

ies. 

The target output variable, effective dose (E), for each CT examination was calculated as the product of the Dose-

Length Product (DLP) and a region- and patient-specific dose conversion coefficient (k), that is. 

E = DLP × k.                                             (2.1) 
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These conversion coefficient factors (k, in mSv · mGy−1 · cm−1) were determined by grouping the patient data 

based on anatomical region and weight categories, according to the tissue weighting factors and methodology speci-

fied in the ICRP 103 report [16]. 

The study adhered to the Helsinki Declaration principles, ensuring that patient medical information remained con-

fidential. Ethical approval for this study was obtained from the institutional review board of Makerere University. 

Informed consent was waived due to the retrospective nature of the study and the anonymization of patient data. 

Quality assurance of the CT data was performed every six months during the research period. 

2.2 CT Scanner Configuration 

This study utilized two distinct CT scanner models for data collection: a Phillips BigBore simulator and a Siemens 

Somatom Emotion scanner. Both were equipped with Automatic Exposure Control (AEC), which dynamically adjusts 

tube voltage (kVp) and tube current (mAs) to optimize image quality while minimizing radiation exposure. The scan-

ners are capable of multi-slice imaging, ensuring high detail and clarity. AEC functionality is crucial as it tailors the 

dose based on the patient’s size, providing essential dose metrics such as CTDIvol post-examination to facilitate 

effective dose management. 

2.3 Study Design 

A retrospective cross-sectional quantitative study was conducted to collect data on X-ray exposure and radiation 

doses delivered to adult patients during CT scans of the head, chest, and abdomen from November 2021 to November 

2023 at two imaging centers in Kampala. The centers featured the Phillips BigBore simulator (Center A) and the 

Siemens Somatom Emotion (Center B) scanners. Patient demographics, including age and gender, were recorded for 

967 patients using the International Atomic Energy Agency (IAEA) CT scan data collection tool over a five–month 

period. 

Exposure parameters, including kVp, mAs, gantry rotation time, pitch, and collimation, were collected along with 

dose metrics such as CTDIvol. Anteroposterior and lateral body measurements were taken to calculate the effective 

diameter according to AAPM report 204 guidelines. To validate the accuracy of the key input variables used in the 

neural network model, Quality assurance tests were conducted 

2.4 Design of the Neural Network Model 

We developed a neural network model using a feed–forward network with a single hidden layer. This model was 

trained with varying numbers of nodes to predict the estimated effective dose with optimal performance. The model 

was designed to be protocol-independent, meaning a single neural network was trained using the combined dataset 

covering all CT protocols (brain, chest, abdomen, chest-abdomen). For model training and testing, the dataset from 

one scanner (Phillips BigBore simulator) was randomly split, with 70% used for training and 30% for testing. Inde-

pendent validation was performed using data from a different scanner (Siemens Somatom Emotion). The six input 

parameters included patient weight, scan length, kVp, mAs, CTDIvol, and DLP, while the output was the calculated 

effective dose. The correlation matrix, shown in Figure 1, illustrates the relationship (correlation coefficient) between 

each input parameter and the output.  

The training set, comprising 70% of the input data, was fed into the neural network, while the remaining 30% was 

used for testing. Training was conducted with different numbers of nodes, ranging from 5 to 40, in a single hidden 

layer using the Levenberg-Marquardt Algorithm as the learning function in a multilayer feedforward backpropagation 

network. The transfer function employed was the hyperbolic tangent sigmoid transfer function. Initially, biases and 

weights were set to zero and subsequently learned using a gradient descent with momentum weight and bias learning 

function (learngdm). An optimal number of nodes was chosen to prevent overfitting with too many nodes and under-

fitting with too few nodes [39, 40]. However, the selection of the number of nodes is inherently a trial-and-error 

process, which can introduce bias and affect the reliability of the model. Varying the number of nodes is a critical 

step in designing neural network models, as it influences the ability of the network to learn significant data features 

for better generalization and improved accuracy [37]. 
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Figure 1. Correlation matrix showing the relationship (correlation coefficient) between each input parameter and the output 

parameter. 

2.5 Statistical Analysis 

Statistical analysis was performed using RStudio (version 2023.03.0+386). The correlation between the input varia-

bles (e.g., kVp, mAs, scan length, and weight) and the predicted effective dose was evaluated using a correlation 

matrix. The significance of these correlations was assessed with P-values, where P < 0.05 indicated statistical signif-

icance for selecting the input variables in the model. Model performance was assessed using the Root Mean Square 

Error (RMSE) to compare the predicted effective doses against the actual doses from the training and validation 

datasets. Additionally, the mean absolute error (MAE) was calculated across the epochs to ensure consistent perfor-

mance without signs of overfitting or underfitting. 

3. Results 

3.1 The Neural Network Model 

The correlation matrix presented in Figure 1 illustrates the relationship between the six input variables and the cal-

culated effective dose. As expected from the dose calculation formula (E = DLP × k), the dose metrics DLP and 

CTDIvol exhibit the strongest positive correlations with the effective dose. Notably, the scan length also shows a 

significant positive correlation (the highest non-dose determinant), suggesting that longer scan lengths are intrinsi-

cally linked to higher doses. In contrast, the patient weight shows a minimal correlation with the effective dose and 

negligible correlations with the other variables, indicating that, in this dataset, weight does not significantly determine 

the final calculated dose. The statistical significance for all primary correlations was assessed with a P-value less than 

0.05, confirming the relevance of all six selected inputs for the model [41]. 

The model’s hyperparameter optimization was performed by systematically varying the number of neurons in the 

single hidden layer. Figure 2 illustrates the resulting variation of the Root Mean Square Error (RMSE) for the testing 

set. The RMSE remained below 0.09 for most neuron counts, with the lowest error achieved by the optimal model at 

33 neurons, resulting in an RMSE of 0.065. This architecture provided the best balance, minimizing the RMSE while 

mitigating the risks of bias (underfitting) and overfitting. Consequently, the final model architecture was selected as 
a single hidden layer containing 33 neurons, represented as the 6:33:1 feed-forward network. 
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Figure 2. The variation of RMSE with the number of neurons. 

To further assess model performance, the training process was tracked over 100 epochs, as shown in Figure 3. Peak 

performance was attained at epoch 58, where the root mean square error (RMSE) reached its minimum of 0.0018. 

Figure 3 also clearly illustrates consistent error patterns across the training, test, and independent validation datasets, 

demonstrating balanced model performance without signs of overfitting or underfitting and affirming the model’s 

robustness and generalizability. 

 

Figure 3. Mean Absolute Error (MAE) and Loss/RMSE Plots against Epochs. 

3.2 Comparison of the Statistical, Modelled, and Recommended Doses from Centers A (Phillips BigBore 

simulator) and B (Siemens Somatom Emotion) 

Table 1 presents a comparison of the average effective dose values derived from the model’s testing and independent 

validation with the statistical mean of the observed doses and the ICRP 103 recommended dose values for the respec-

tive anatomical regions. 

A critical finding is that the modeled effective dose values tended to be lower than the statistical means and, in 

some protocols, closer to the ICRP reference values than the raw statistical averages. However, ICRP values are not 

individual-level validation standards, and the clinical significance of this closer approximation requires further in-

vestigation. For instance, in Brain scans at Center A, the statistical dose was 2.2559 mSv compared to the ICRP 

reference of 1.6 mSv, while the modeled dose was a closer approximation at 1.26 mSv. In all cases, the statistically 

derived mean doses are considerably higher than the modeled predictions. While this difference does not constitute 

a claim of perfect predictive accuracy, the model clearly demonstrates improved performance in estimating effective 

doses relative to the ICRP reference, suggesting a significant advantage over simple statistical reporting of collected 
dose data. 
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Table 1. Variation of Statistical, Modelled, and ICRP Recommended Effective Doses 

 Statistical Modeled ICRP Model Samples 

Testing at Center A     

Brain scans 2.2559 1.26 1.6 165 

Chest scans 1.5974 1.07 6.1 173 

Abdominal scans 4.3729 2.96 7.7 215 

Chest-Abdominal scans 2.8798 2.58 10-15 124 

Independent Model Validation at Center B     

Brain scans 2.1853 1.18 1.6 71 

Chest scans 1.6322 1.35 6.1 74 

Abdominal scans 4.0971 3.24 7.7 92 

Chest–Abdominal scans 3.0476 2.61 10-15 53 

3.3 Prediction of Effective Dose at Center B (Siemens Somatom Emotion) 

The model demonstrated robust independent validation performance when predicting the effective dose for the 290 

examinations from the independent Center B dataset. The mean percentage deviation across all validation scans was 

a low 3.36% (or 0.03359762 in decimal form). As previously demonstrated in Table 1, the modeled effective dose 

values closely approximate the ICRP-recommended dose more accurately than the statistical mean of the observed 

doses. A detailed analysis of the percentage deviation for Center B, shown in Figure 4, reveals a high concentration 

of accurate predictions: approximately 81.4% of the predictions are within the range of the mean percentage deviation 

of −3.36% ± 0.13%. Furthermore, about 7.2% of predictions have a mean percentage deviation below zero (slight 

underestimation), and about 5.8% have a mean percentage deviation above 40% (upper outliers). This outcome high-

lights the model’s robustness and its ability to generalize across different CT scanner settings and specifications 

within the region. However, the absence of national Diagnostic Reference Levels (DRLs) limits the ability to conclu-

sively determine the model’s accuracy against a national standard. 

 

Figure 4. Percentage Deviation of Predicted Effective Doses. The dotted line at y = 0.2 indicates the start of upper outliers. 

3.4 Analysis of Outliers Predicted by the Model 

Outliers in the predicted doses, indicated by a high percentage deviation (i.e., above 20%), are particularly significant 

as they represent examinations where the model struggled to predict the calculated effective dose (E). Identifying 
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these outliers is crucial for dose optimization. During model testing at Center A, predictions exhibited a mean per-

centage deviation of 4.13% ± 0.75%, with about 6.3% of doses exceeding the outlier threshold. The investigation 

into the cause of these prediction discrepancies revealed that in each outlier examination, at least one input parameter, 

such as mAs or scan length, had an unusually high value compared to the average of the testing dataset, even at 

constant kVp. Such extreme input values complicate the neural network’s learned pattern, affecting generalization 

and reducing accuracy for these cases. Similar trends were observed in the independent validation at Center B, rein-

forcing the model’s characteristic of sensitivity to input parameter extremes. While this presents a limitation in 

achieving uniform accuracy, it also provides a valuable criterion for identifying specific examinations associated with 

unusually high doses that warrant clinical review, which is acceptable in certain special CT procedures requiring high 

technical parameters. 

4. Discussion 

4.1 Model Evaluation: Establishing the Foundation for Effective Dose Optimization 

This study successfully demonstrates the development and independent validation of a protocol-independent 6:33:1 

neural network model capable of accurately predicting effective doses in adult CT imaging. The model achieved an 

optimal RMSE of 0.065 in testing and maintained robustness during independent validation at a geographically sep-

arate center (Center B), demonstrating generalizability. This high degree of predictive accuracy is the foundational 

pillar that enables effective dose optimization strategies, thereby addressing the study’s central aim. 

A key result highlighted by the comparative analysis (Table 1) is the model’s superior performance over simple 

statistical means. The modeled effective dose values consistently approximated the ICRP 103 recommended doses 

more closely than the statistically calculated doses. This suggests that the non-linear, data-driven approach of the 

neural network successfully accounts for the complex, interwoven effects of the six input parameters (kVp, mAs, 

CTDIvol, DLP, weight, and scan length) on the final dose, offering a more realistic estimate than traditional methods. 

Crucially, the correlation analysis revealed that patient weight had a minimal correlation with the effective dose. 

This finding challenges the effectiveness of dose reduction strategies that rely solely on simple, linear weight-based 

protocols, such as size-specific dose estimates (SSDE), further justifying the necessity of a complex, multivariate 

model like the neural network to identify dose dependencies that are not intuitively linear. 

4.2 Bridging Estimation to Optimization: Clinical Utility and Outlier Detection 

The model’s accurate estimation capability translates directly into clinical utility for dose optimization. In clinical 

practice, the model serves as a personalized dose recommendation tool by predicting the dose before or immediately 

after a scan, allowing practitioners to assess the appropriateness of the technique parameters used. 

The analysis of outliers (Figure 4) further underscores the model’s direct application to optimization. By identify-

ing the ∼ 6% of examinations where the model’s prediction substantially deviated from the calculated effective dose, 

the system effectively flags cases associated with extreme input parameters (e.g., unusually high mAs or scan length). 

This feature provides a valuable, real–time quality assurance mechanism, allowing clinical staff to instantly identify 

and review high-dose examinations that may warrant protocol adjustment or justification, thereby driving a patient-

centered optimization loop. 

This data-driven approach is particularly relevant in resource-limited settings like Uganda, where access to ad-

vanced, vendor-specific optimization software is often restricted. Our model provides an accessible, scanner-inde-

pendent method for dose management, offering personalized recommendations for parameters like kVp and mAs 

based on a patient’s characteristics and the achieved dose. 

4.3 Study Limitations and Future Work 

While the model demonstrates strong predictive capabilities, its generalizability is currently constrained by the dataset 

size and scope. Relying on data from only two imaging centers limits the ability to fully capture the breadth of CT 

protocols and technological variability across the region. Furthermore, the absence of established national Diagnostic 

Reference Levels (DRLs) in Uganda limits the ability to conclusively benchmark the model’s output against a local 

standard. 
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Future research efforts must focus on two critical areas to evolve this work from estimation to comprehensive 

optimization. 

1. Image Quality Integration. The current model predicts dose without considering the quality of the resulting 

image. Future iterations must incorporate image quality metrics to ensure that recommended dose reductions do not 

compromise diagnostic utility. 

2. Iterative Reconstruction (IR) Techniques. As IR techniques are crucial for maintaining image quality at lower 

doses, integrating parameters related to their use into the neural network would allow the model to recommend the 

lowest possible dose that achieves both an acceptable effective dose and a clinically sufficient image quality, provid-

ing a holistic optimization solution. 

By expanding the dataset and integrating these image quality and reconstruction metrics, the model can transition 

from a predictive tool to a complete recommendation system, fulfilling its potential for safe and effective CT imaging 

in Uganda and similar resource-limited environments. 

5. Conclusion 

This study demonstrates the feasibility and potential of using neural networks for predicting effective doses in CT 

imaging, particularly in resource-limited settings such as Uganda. The 6:33:1 model accurately estimates patient-

specific radiation doses by incorporating six key scan parameters and patient characteristics. The model’s superior 

performance in approximating ICRP reference doses, compared to simple statistical reporting, establishes it as a 

promising tool for building tailored dose optimization strategies in clinical practice. 

Despite the model’s strong predictive capabilities, further research is required to transition the work from dose 

estimation to comprehensive dose optimization. An essential next step involves the development of tailored optimi-

zation strategies that leverage the model’s predictions to recommend real-time adjustments to CT scan protocols. 

Additionally, the integration of image quality metrics and advanced iterative reconstruction techniques is crucial to 

ensure that dose reductions do not compromise diagnostic accuracy. 

To increase the model’s generalizability, it should be validated in a broader range of clinical settings, including 

centers with varying CT practices. The lack of established Diagnostic Reference Levels (DRLs) in Uganda presents 

a challenge for full validation, but as DRLs are developed, they can serve as a benchmark for further model refinement. 

These advancements would greatly enhance the model’s ability to optimize patient safety and minimize radiation 

exposure in diverse medical environments.  
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