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H I G H L I G H T S

• Evaluated CT for bone cancer diagnosis and management during limited histopathological testing access.
• Conducted retrospective analysis of 60 patients with bone cancer.
• Determined likelihood of bone cancer based on CT study adhered to established oncological guidelines.
• Findings highlight importance of CT in diagnosing and managing bone cancer.
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A B S T R A C T

Objective: This study aimed to evaluate the role of computed tomography (CT) imaging in the diagnosis and 
management of bone cancer during periods of limited access to histopathological testing. We aimed to determine 
the correlation between CT severity levels and subsequent patient management and care decisions, adhering to 
established oncological CT reporting guidelines.
Methodology: A retrospective analysis was conducted on 60 symptomatic patients from January 2021 to January 
2024. The cohort included patients aged between 50 and 86 years, with a mean age of 68 years, and 75 % were 
male. All patients had their bone cancer diagnosis confirmed through histopathological examination, and CT 
imaging was used as the reference method. The analysis involved assessing the correlation between CT severity 
scores and patient management, including ICU admissions.
Results: The study found that CT imaging demonstrated a sensitivity of 92.6% in diagnosing bone cancer, with 
accuracy increasing to 97.6% in cases with high-probability CT characteristics. CT specificity also showed a 
consistent rise. Osteolytic lesions were the predominant finding, detected in 85.9% of cases. Among these, 88% 
exhibited engagement across multiple skeletal regions, 92.8% showed bilateral distribution, and 92.8% pre
sented with peripheral involvement. In ICU patients, bone consolidation was observed in 81.5% of cases and was 
predominant in 66.7% of the ICU cohort. Additionally, ICU patients had significantly higher CT severity scores, 
with scores exceeding 14 being notably prevalent.
Conclusions: During the management period of bone cancer at our hospital, characteristic features on CT imaging 
facilitated swift and sensitive investigation. Two distinct CT phenotypes, associated with the primary osteolytic 
phenotype and severity score, emerged as valuable indicators for assessing the severity of the disease, particu
larly during ICU care. These findings highlight the diverse manifestations and severity levels encountered in bone 
cancer patients and underscore the importance of CT imaging in their diagnosis and management.

1. Introduction

Bone cancer, a member of the broader group of musculoskeletal 

neoplasms, can lead to severe morbidity and mortality. Primary bone 
cancers, such as osteosarcoma [30–33], Ewing sarcoma, and chon
drosarcoma [27], represent a critical area of oncology due to their 
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aggressive nature and complex treatment requirements [1,2]. These 
malignancies often present with varying symptoms, including localized 
pain, swelling, and reduced mobility, depending on the tumor’s location 
and size. The pathogenesis of bone cancer involves complex genetic and 
molecular pathways, with particular attention to mutations and aber
rant signaling mechanisms [3]. The impact of bone cancer is extensive, 
affecting patients’ quality of life and requiring multidisciplinary ap
proaches for management, including surgery, chemotherapy [34,35], 
and radiation therapy. Recent advancements in imaging techniques, 
particularly high-resolution CT, have significantly improved diagnostic 
accuracy and treatment planning [4]. The global burden of bone cancer 
remains substantial, with thousands of new cases diagnosed [29]
annually, underscoring the need for continued research and improved 
therapeutic strategies [5,6]. The repercussions of bone cancer extend 
beyond the clinical sphere, affecting socioeconomic aspects such as 
healthcare costs and patients’ ability to work, thereby imposing eco
nomic strains on families and healthcare systems. Continued efforts in 
public health, early diagnosis, and innovative treatments are crucial to 
mitigate the impact of this challenging disease [7].

Given the high specificity of histopathological examination for 
diagnosing bone cancer, it is commonly regarded as the gold standard. 
However, this method has limitations, including invasiveness, high 
costs, and potential delays in obtaining results [8]. Studies have shown 
that computed tomography (CT) can be highly effective in detecting 
bone malignancies, with sensitivity rates ranging from 60 % to 98 % and 
specificity from 25 % to 53 %. Histopathological sensitivity ranges from 
42 % to 71 %, and results may vary over time [9]. Recent research has 
underscored the significance of CT imaging in diagnosing bone cancer. 
CT scans facilitate the assessment of tumor severity, monitoring disease 
progression, evaluating treatment efficacy, and categorizing various 
imaging characteristics and phenotypes based [37] on observed features 
[8–10]. This study aimed to evaluate the reliability of CT scans in 
diagnosing bone cancer by comparing their accuracy with histopatho
logical results, following established oncological guidelines for CT 
interpretation. Furthermore, the study sought to establish a relationship 
between CT severity scores and the likelihood of requiring intensive 
care, as well as to identify specific imaging features and severity in
dicators associated with positive bone cancer cases. The application of 
radiomics and deep learning in predicting bone metastasis represents a 
significant advancement in the field of bone oncology [9–12]. These 
technologies offer a promising avenue for early detection and person
alized treatment planning, ultimately improving patient outcomes and 
quality of life. This study aims to utilize radiomics and deep learning to 
predict the risk of bone metastasis based on CT scans of bone cancer 
[14], highlighting its important clinical significance. Incorporating the 
predictive capabilities of the deep learning model into clinical work
flows [17] has the potential to significantly enhance the management of 
bone cancer patients at risk of bone metastasis. Early identification of 
high-risk patients can facilitate timely interventions, potentially 
improving prognosis and quality of life. Additionally, the model can aid 
in personalizing treatment plans by providing insights into individual 
risk profiles, thereby optimizing therapeutic strategies. Efficient risk 
stratification also allows for better allocation of healthcare resources, 
ensuring that patients who are most likely to benefit from intensive 
monitoring and treatment receive the necessary attention.

2. Methodology

This retrospective study, conducted at a single tertiary center, ex
amines a cohort of 60 patients potentially affected by primary bone 
cancer between January 2021 to January 2024. The study focused on 
patients who underwent high-resolution bone CT scans without intra
venous contrast. CT imaging utilized low kVp and low mAs settings to 
reduce radiation exposure while ensuring diagnostic efficacy. Ethical 
approval was granted by the institutional ethics committee, which 
waived the need for written informed consent given the study’s 

retrospective design.

2.1. Inclusion criteria for patients suspected of bone cancer

All patients presenting to the emergency room (ER) or outpatient 
clinic with clinical symptoms suggestive of bone cancer were included. 
Symptoms considered included persistent bone pain, swelling, fractures 
without significant trauma, fatigue, weight loss, and unexplained ane
mia. These patients underwent non-contrast imaging studies such as 
MRI, CT, or X-ray and laboratory investigations, including biopsy and 
relevant blood tests. Additionally, patients with a history of malignancy 
or genetic predisposition to bone cancers were included.

2.2. Exclusion criteria for bone cancer study Participants

Patients were excluded if they were unable to participate in the 
management plan. Those who did not have access to essential diagnostic 
testing like biopsy or imaging were also excluded. Individuals whose 
imaging results were affected by significant artifacts or poor quality 
were not considered for the study. Furthermore, patients admitted to the 
intensive care unit (ICU) for medical conditions unrelated to bone can
cer were excluded from the study.

2.3. Comprehensive computed tomography (CT) imaging Methodology for 
bone cancer diagnosis and management

For the procedure, America, GE, 590RT, 16-slice CT scanner were 
used. The hospital’s oncology unit protocols were strictly followed 
during the imaging process to ensure accurate and safe diagnostic out
comes. There were no special preparations required for the patients 
undergoing CT scanning. Patients were positioned supine with their 
arms lifted above their heads to avoid artifacts. The imaging process 
employed a 512 × 512 matrix with a slice thickness of 1.25 mm and an 
interval of 0.625 mm. The tube speed was set at 35 mm per revolution, 
with a rotation time of 0.5 s, as per calibration. The CT scan operator 
minimized radiation exposure by adjusting the kVp and mAs settings to 
the lowest achievable values. Image processing and interpretation 
involved transferring the images to a workstation for the review of axial 
slices and multi-planar reformation. Two experienced radiologists, each 
with a minimum of three years of post-fellowship expertise and 
specializing in musculoskeletal imaging, meticulously examined the 
images. To reduce inter-observer variability, any disagreements be
tween their interpretations were settled by consensus. The radiologists 
were blinded to both the study objectives and the clinical details of the 
patients. Documented imaging results included the characterization of 
bone lesions, evaluation of tumor extent, and assessment of associated 
features such as cortical destruction and periosteal reaction. Among the 
documented imaging results were: 

• The presence or absence of osteolytic and osteoblastic lesions was 
identified by noting several characteristics, including the lesions’ 
shape (irregular, well-defined, sclerotic, or lytic), location (epiphy
seal, metaphyseal, or diaphyseal; axial or appendicular skeleton; and 
unilateral or bilateral involvement), and whether they were singular 
or multifocal (affecting multiple sites).

• Additional features such as periosteal reaction, cortical destruction, 
soft tissue mass, pathological fractures, matrix mineralization, and 
the presence of skip lesions were also evaluated.

• Reporting focused on which CT pattern—osteolytic, osteoblastic, or 
mixed—predominated in each instance.

CT probability evaluation: To determine the likelihood of bone 
cancer [28], the study adhered to established oncological guidelines. 
Classifications of high, intermediate, low, or negative probability were 
used to evaluate the CT scans, aligning with the typical categorizations 
of negative, benign, uncertain, and malignant. [9][43].
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Evaluation of CT scan severity: We retrospectively assessed the 
severity of CT scans in cases of identified bone cancer. Each affected 
bone was divided into three zones: proximal, middle, and distal. The 
extent of involvement in each zone was graded as follows: 1 point for 
less than 25 % involvement, 2 points for 25–50 % involvement, 3 points 
for 50–75 % involvement, and 4 points for more than 75 % involvement. 
For all zones, a maximum score of 24 could be obtained. We compared 
the CT severity score with the treatment decisions made for each patient.

2.3.1. Biopsy Procedures and clinical Decision-Making in bone cancer 
management

Both incisional and excisional biopsies were performed on each 
subject as needed to obtain representative tissue samples. This could be 
done up to three times if the initial results were considered insufficient 
or inconclusive, despite the subjects meeting conventional high- 
likelihood criteria based on imaging and clinical assessment. Data on 
clinical decisions made during the evaluation were collected, including 
determinations regarding patients’ need for surgical intervention, 
chemotherapy, radiation therapy, or palliative care. The decisions made 
by the oncology team adhered to hospital protocols for managing bone 
cancer, considering factors such as symptoms, biopsy results, tumor size, 
metastasis, and the presence of risk factors for disease progression. [15].

2.3.2. Sample size determination for achieving 70 % sensitivity in CT 
detection of bone cancer

Using the PSAA-11 software and the methods described by Simpson 
et al., it was determined that a sample size of at least 60 patients is 
necessary to achieve a sensitivity of 70 % for CT detection of bone 
cancer, given an estimated 50 % of patients testing positive via histo
pathological examination. With this sample size, the significance level 
(α-error) is set at 0.05, and 80 % statistical power is guaranteed.

2.3.3. Data analysis and statistical methodology using IBM SPSS statistics 
software

IBM SPSS Statistics software version 22.0 (IBM Corp., Chicago, USA, 
2013) was used for the analysis of the collected data. Quantitative data 
underwent analysis through descriptive statistics, encompassing mea
sures such as minimum, maximum, mean, and standard deviation (SD) 

for normally distributed data. The analysis of qualitative data included 
calculating the frequency and proportion of occurrences. The ANOVA 
test was used to compare more than two independent groups with 
normally distributed data, followed by the post hoc Bonferroni test. The 
Shapiro-Wilk test was applied to assess the normality of the data. The 
independent t-test was used to compare two independent groups with 
normally distributed data. For qualitative data, Fisher’s exact test and 
the chi-square test were used to assess differences between proportions, 
followed by the post hoc Bonferroni test. The performance of various 
tests was evaluated using ROC curve analysis to distinguish between 
different groups. Statistical significance was set at P < 0.005.

3. Results

A retrospective analysis was conducted on a cohort of 60 patients 
presenting with clinical suspicion of bone cancer. The mean age of the 
patients ranged from 50 to 86 years, with a standard deviation of 68 
years (Fig. 1). In the entire patient cohort, males accounted for 75 % of 
the population; among those testing positive for bone cancer, the male- 
to-female ratio was 1.6 (Table 1). The time interval between the initial 
clinical symptoms and the CT scan ranged from two to seven days.

In 2021, a cohort of 26 patients with suspected bone cancer was 
studied, characterized by an unequal gender distribution and an average 
age of 68.1 years, ranging from 54 to 85 years. In 2022, a cohort of 17 
patients was studied, characterized by an unequal gender distribution of 
13:4, and an average age of 66.4 years, ranging from 50 to 83 years. By 
2023, the cohort decreased to 16 patients, with a higher proportion of 
males, resulting in a slight increase in the average age to 69.1 years. By 

Fig. 1. The flow chart detailing patient progress within the nursing study environment.

Table 1 
Patients Range with yearly effect.

Year Total Patients Male Female Age Range Mean Age

2021 26 19 7 54–85 68.1
2022 17 13 4 50–83 66.4
2023 16 12 4 53–86 69.1
2024 1 1 0 74 74
Total/Avg 60 45 15 50–86 68
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2024, we only have one male and one female patient in our study. Over 
the four-year period, a total of 60 patients were included in the study, 
predominantly male, with an average age of 68 years, ranging from 50 to 
86 years. This retrospective analysis aimed to assess demographic trends 
and characteristics among patients diagnosed with bone cancer, 
providing insights into age and gender distribution over the study 
period.

3.1. Comparing CT and histopathology in assessing treatment response for 
bone cancer

This clinical study involved 60 patients undergoing computed to
mography (CT) imaging before and after treatment [42]. The cohort 
comprised 45 males and 15 females, with ages ranging from 50 to 86 
years and a mean age of 68 years. The study was conducted from 
January 2021 to January 2024 to assess treatment efficacy through CT 
imaging assessments. Lesions were delineated using red circles on the 
provided CT images, facilitating a comprehensive analysis of treatment 
response. These findings provide critical insights into optimizing ther
apeutic strategies for managing bone cancer, guiding future research 
and clinical practice. Further results are detailed in Figs. 2 and 3.

In this study, CT imaging was used to analyze a cohort of patients 
with Giant Cell Tumor of Bone (GCTB) to assess the prevalence and 
characteristics of identified abnormalities. The cohort consisted of in
dividuals aged 50 to 86 years, with a mean age of 68 years, and included 
45 males and 15 females. The study spanned from December 2022 to 
June 2023, during which patients underwent CT scans before and after 
treatment to evaluate treatment response. Abnormalities detected on CT 
scans were meticulously recorded, particularly focusing on character
istics such as GCTB and consolidation, as detailed in Table 2. Among 
positive cases, GCTB was observed in 85.9 % of instances, predomi
nantly peripheral, multilobar, and bilateral as depicted in Fig. 2. Round 
forms accounted for 55.5 % of GCTB patterns, while the crazy-paving 
pattern was identified in 45.3 % of cases. Consolidation, seen in 28.8 
% of positive cases, often exhibited subsegmental or segmental patterns, 
with 15.3 % showing clear consolidation exceeding GCTB.

The study identified two dominant CT phenotypes based on these 
features: one characterized by dominant GCTB and another by dominant 
consolidations (Figs. us. 2 and 3). Differences in consolidation and 
pleural effusion were noted between patient groups requiring different 

management strategies. Specifically, 44 ICU admissions were associated 
with a consolidation pattern on CT, with consolidation being more 
prevalent than GCTB in 66.7 % of ICU patients. Additionally, 23 out of 
38 patients with pleural effusion on CT scans required ICU hospitaliza
tion (Table 2). These findings highlight the utility of CT imaging in 
assessing treatment response and guiding management decisions in 
GCTB. Giant Cell Tumor of Bone (GCTB) was the most common feature 
observed in the imaging patterns of patients in this bone oncology 
investigation. GCTB was seen in 85.9 % of positive cases, primarily 
round in form (55.5 %), and typically displayed a multifocal, peripheral, 
and multilobar distribution. These findings are consistent with those 
reported by Salehi et al. [21], who found GCTB in 88 % of the 919 pa
tients in their study. Similarly, Ojha et al. [22] analyzed 45 studies 
involving 4410 adult patients and reported solo GCTB in 50.2 % of cases 
and mixed GCTB with osteolytic lesions in 44.4 % of cases. Other studies 
have reported even higher incidences of GCTB, emphasizing its signifi
cance in bone cancer diagnostics [23]. The multifocal, peripheral, and 
multilobar distribution of GCTB emerged as the most specific criteria for 
detecting bone cancer, with the highest incidence noted in multiple 
studies [24].

The trabecular disorganization pattern was the second most frequent 
imaging feature, observed in 45.3 % of individuals. Following this, the 
periosteal reaction sign was noted in 29.4 % of positive cases. Ojha et al. 
[22] reported periosteal reaction in 64 % of cases, while describing the 
trabecular disorganization pattern in 19.5 % of positive cases. Li et al. 
[23] identified the trabecular disorganization pattern in 36 % of cases, 
and Bai et al. [25] found periosteal reaction signs in 59 % of bone cancer 
patients. Consolidation, indicating the replacement of normal bone 
marrow with pathological tissue, can reflect disease severity and pro
gression [26]. Studies show varying frequencies of bone consolidation in 
imaging of new bone cancer cases, ranging from 2 % to 64 % [8]. In the 
current study, 28.8 % of confirmed cases exhibited consolidation, with a 
notably higher rate (81.5 %) among patients admitted to the ICU. 
Additionally, consolidation was the predominant imaging feature in 
66.7 % of ICU cases. These findings suggest two distinct imaging phe
notypes in bone cancer: one dominated by consolidation and the other 
by GCTB. Significantly, the phenotype characterized by predominant 
consolidation appears to correlate with poorer prognosis, indicating a 
higher likelihood of adverse outcomes.

Fig. 2. CT scans from medical records of groups 1 to 4 before and after the nursing period.
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4. Discussion

In response to the increasing number of patients suspected of having 
bone cancer and the variability in diagnostic test results, this study 
investigated the utility of imaging modalities, including computed to
mography (CT), to enhance diagnostic accuracy and clinical decision- 
making. The study focused on the use of CT scans to supplement clin
ical and laboratory findings in diagnosing bone cancer. Strict infection 
control [44] measures, following guidelines from the Fleischer Society, 
were implemented to prevent transmission. Specifically, one dedicated 
CT scanner was allocated for screening suspected bone cancer patients, 
while routine medical services continued to be provided using other 
scanners. This approach aimed to optimize diagnostic efficiency and 
patient management strategies amidst diagnostic challenges.

The results of this study revealed that CT imaging had a 92.6 % 
sensitivity in identifying bone cancer [13]. However, this sensitivity was 
lower than the 97 % to 98 % observed in earlier investigations [11,16]. 
This discrepancy may be partially attributed to the 7.4 % of our positive 
cases with normal CT scans, conducted too soon after symptom onset 
(two to three days). It has been reported that within 0–2 days after the 
onset of symptoms, 50 % of patients had normal CT scans [19]. In 69.7 % 
of positive cases, high-likelihood CT criteria were met, adhering to the 
highest recommendations from the Radiological Society of North 
America (RSNA). These cases also exhibited the highest positive pre
dictive value (PPV) (98.8 %) and specificity (97.6 %) [18], and found 
that 72 % of patients had normal CT findings. Additionally, 7.4 % of 

positive cases had a negative CT pattern, suggesting that a negative CT 
should not be the sole criterion for ruling out bone cancer, contrary to 
ACR guidelines [20]. The specificity of CT probability, as determined by 
RSNA guidelines, was higher in the high probability group (97.6 %) and 
gradually declined in the low probability group (67.5 %) [20]. This 
suggests an increasing number of true positive cases among patients 
with high CT probability.

Giant Cell Tumor of Bone (GCTB) was the most common feature 
observed in the imaging patterns of patients in this bone oncology 
investigation. GCTB was seen in 85.9 % of positive cases, primarily 
round in form (55.5 %), and typically displayed a multifocal, peripheral, 
and multilobar distribution. These findings are consistent with those 
reported [21], who found GCTB in 88 % of the 919 patients in their 
study. Similarly, One particular study [22] analyzed 45 studies 
involving 4410 adult patients and reported solo GCTB in 50.2 % of cases 
and mixed GCTB with osteolytic lesions in 44.4 % of cases. Other studies 
have reported even higher incidences of GCTB, emphasizing its signifi
cance in bone cancer diagnostics [23]. The multifocal, peripheral, and 
multilobar distribution of GCTB emerged as the most specific criteria for 
detecting bone cancer, with the highest incidence noted in multiple 
studies [24].

The trabecular disorganization pattern was the second most frequent 
imaging feature, observed in 45.3 % of individuals. Following this, the 
periosteal reaction sign was noted in 29.4 % of positive cases. It has been 
reported periosteal reaction in 64 % of cases, while describing the 
trabecular disorganization pattern in 19.5 % of positive cases [22]. It has 
also been identified the trabecular disorganization pattern in 36 % of 
cases, and found periosteal reaction signs in 59 % of bone cancer pa
tients [23,25]. Consolidation, indicating the replacement of normal 
bone marrow with pathological tissue, can reflect disease severity and 
progression [26]. Studies show varying frequencies of bone consolida
tion in imaging of new bone cancer cases, ranging from 2 % to 64 % [8]. 
In the current study, 28.8 % of confirmed cases exhibited consolidation, 
with a notably higher rate (81.5 %) among patients admitted to the ICU. 
Additionally, consolidation was the predominant imaging feature in 
66.7 % of ICU cases. These findings suggest two distinct imaging phe
notypes in bone cancer: one dominated by consolidation and the other 
by GCTB. Significantly, the phenotype characterized by predominant 
consolidation appears to correlate with poorer prognosis, indicating a 
higher likelihood of adverse outcomes.

Our study demonstrated a strong correlation between patient man
agement decisions and CT severity scores. A score of less than 10 sug
gested home isolation, while scores above 14 indicated ICU 
hospitalization. It has been found a CT severity score cutoff of 19.5 out of 
40 to predict severe cases with 83.3 % sensitivity and 94 % specificity 
[36]. Future implementations could enhance CT image analysis and ICU 
need forecasts using neural network [45] algorithms and optimization 
techniques [38–41].

Fig. 4 depicts the distribution of consolidation locations (’Lobar’ and 
’Sub- and segmental’) across various clinical seriousness categories 
(ICU, Hospital, Home) within the cohort of bone cancer and oncology 

Fig. 3. Analyzing CT scans from medical records of groups 5–6 both before and after the study period.

Table 2 
Age of the Research Group Compared to CT Severity Score and Consolidation 
Pattern in Bone Cancer and Oncology Patients.

Variables ≤ 18.0 
(N ¼
39)

19.0–59.0 
(N ¼ 340)

≥ 60.0 
(N ¼
87)

P value

Normal healthy 13 
(33.3 
%)

76 (22.4 
%)

39 
(44.8 
%)

# 
<0.001 
*

Abnormal GCTB 12 
(30.8 
%)

38 (11.2 
%)

27 
(31.0 
%)

# 
<0.001 
*

Consolidation 
location

Lobar 8 
(61.5 
%)

17 (22.4 
%)

17 
(43.6 
%)

# 
0.005*

Sub- and 
segmental

5 
(38.5 
%)

59 (77.6 
%)

22 
(56.4 
%)

​

Clinical 
seriousness

ICU 2 
(18.2 
%)

30 (11.3 
%)

22 
(34.9 
%)

# < 
0.001*

Hospital 1 (9.1 
%)

47 (17.7 
%)

22 
(34.9 
%)

Home 8 
(72.7 
%)

189 (71.1 
%)

19 
(30.2 
%)
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patients studied. It highlights distinct patterns of consolidation locali
zation based on the severity of clinical presentation. In the ICU setting, 
’Lobar’ consolidation is prominently observed, accounting for 61.5 % of 
cases, whereas ’Sub- and segmental’ consolidation represents 38.5 %. 
This indicates a preference for more centralized or extensive healthcare 
involvement in critically ill patients. In contrast, in the Hospital setting, 
’Sub- and segmental’ consolidation predominates with 77.6 %, sug
gesting a broader distribution of bone tumors. Patients managed at 
home show a more balanced distribution, with ’Lobar’ consolidation at 
43.6 % and ’Sub- and segmental’ consolidation at 56.4 %. Variability is 
quantitative measurements is a common phenomenon in real life, and 
the patterns of variation can often be analysed [46–48]. Our findings 
underscore the variability in consolidation patterns based on the clinical 
context, providing insights that could influence treatment strategies and 
[30] prognostic assessments in bone cancer and oncology patients. For 
future implementations, machine learning [49–51] and other state of 
the art optimization techniques [52–54], as well as 3D visualization 
technology [55–57] can be utilized to improve health diagnostics to a 
more advanced level.

5. Conclusion

Computed tomography (CT) has emerged as a valuable method for 
the prompt and accurate identification and management of bone cancer. 
It facilitates early disease detection and intervention, enabling timely 
treatment measures to improve patient outcomes. Our study un
derscores the efficacy of using established radiological criteria in 
reporting suspected bone cancer cases, particularly given that negative 
CT scan results may occur early in the disease course. To minimize false- 
negative results, a CT examination is recommended at strategic intervals 
after initial symptom presentation. The two primary CT features asso
ciated with bone cancer are Giant Cell Tumor of Bone (GCTB) and 
consolidation patterns, with the latter being notably significant in 
advanced stages of the disease. The presence of a consolidation pattern 
indicates more aggressive disease and may necessitate more intensive 
treatment protocols. Additionally, CT severity scores are instrumental in 
predicting both the need for aggressive treatment and the extent of bone 
involvement. These findings highlight the critical role of CT imaging in 
guiding clinical decision-making and optimizing patient management in 

bone cancer and other oncology cases where rapid and accurate diag
nosis is essential.
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