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ABSTRACT

Al in cancer might enhance decision-making, especially for focused therapy risk management. Its goal was to create and verify a machine
learning-based clinical decision support system (CDSS) that could anticipate Bevacizumab or biosimilar problems and turn the
prediction model into a clinical tool. A prospective observational research examined 395 solid tumor patients treated with Bevacizumab
or biosimilars. Medical records included demographics, medical history, tumor features, and laboratory results ahead of treatment.
XGBoost, Random Forest, and logistic regression were trained with data splits of 70/30 and 80/20. These prediction models were
compared by accuracy, AUC-ROC, sensitivity, specificity, F1-scores, and error rate. Using the best model, a logistic-based risk score
was calculated and put into an interactive HTML form. The improved Random Forest model that was trained using the 80/20 split has
the highest accuracy (70.63%), sensitivity (66.67%), specificity (73.85%), and AUC-ROC (0.55). Both the calibration and AUC-ROC
value of 0.720 for the logistic risk score were excellent. It found that age > 65, anemia, increased urea, leukocytosis, tumor
differentiation, and stage are significant predictors of problems. The final product provides physicians with a straightforward offline
form for risk assessment and patient risk stratification. This research shows that real-world data may be used to construct Al-supported
cancer forecasting tools. Without supplanting clinical judgment, the interactive form and logistic risk score may assist physicians in
customizing targeted therapy selections.
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I. INTRODUCTION

In recent years, oncological therapy has quickly advanced, making
targeted medicines accessible to many patients worldwide. As a
result, oncology produces more real-time data. Artificial
intelligence techniques improve data synthesis and enable creative
clinical tool creation. Clinical decision support systems, which are
tools, are meant to help doctors make better decisions faster and
with more accuracy [1]. Al technologies are able to quickly
evaluate a large amount of disconnected clinical, paraclinical,
imaging, molecular, and genetic data and discover predicted
patterns that are difficult to spot with conventional methods. These
patterns can be used to create clinical ratings. Al-based interactive
forms may assess patients' risk of angiogenesis inhibitor problems
in real time. CDSSs may help patients discuss treatment options,
risks, and advantages during consultations, facilitating shared
medical decisions. They may use age, comorbidities, biomarkers,
and functional scores to create a tailored risk assessment [2]. In
difficult or marginal patients, incorporating these technologies
into oncology treatment may maximize therapy risk—benefit ratios.
AI-CDSSs may indicate a higher risk of severe toxicity from a

particular medication in older patients with a lot of comorbidities,
leading the medical team to better-tolerated options. Although
these instruments may inform physicians of the need for more
stringent paraclinical monitoring or dosage adjustments, they
cannot replace professional judgment or therapeutic
recommendations. AI-CDSSs can continuously update with fresh
data from clinical observation in actual oncology practice, another
benefit. Clinical ratings can be improved through feedback, which
is crucial in the fight against cancer. Al models may be
automatically calibrated using real-world data. In order to keep
up with changing therapy and population results, scores and forms
can be updated. However, interdisciplinary cooperation between
oncologists, biostatisticians, Al specialists, and medical
informaticians is needed to evaluate these technologies in clinical
settings[3].

However, clinical Al integration must be done responsibly. Al
models may underestimate risk or misunderstand clinical factors
due to algorithmic bias, necessitating thorough validation and
representative data. No matter how good AI-CDSSs are , they
cannot replace extensive clinical examinations, direct patient
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talks, and accurate medical context assessments. Therapy choices
ought to be influenced by international guidelines that are based
on clinical data. The CDSS interface must be user-friendly,
compatible with EHRs, and safeguard patient data. Professionals
also like algorithms that are transparent and explain their
suggestions. Physicians have a higher level of trust in Al tools
when their outcomes match those of randomized controlled trials,
highlighting issues with transparency and model explainability.
AI-CDSSs in cancer also rely on data quality[4].

Advanced Al and ML have produced high-performing clinical
decision support systems. The majority of these models were
created with IT professionals in mind, resulting in complicated
black box systems that are difficult for doctors to use. Thus,
oncology has yet to incorporate Al technology despite their
promise. We provide a clinician-led proof of concept to fill this
gap. Instead than designing the most accurate or complicated
prediction model, the objective was to show that modern Al
technologies are user-friendly enough for doctors without strong
computational abilities to employ. We want to connect computer
science and medicine, demonstrate viability, and lessen
physicians' anxiety about Al. This study shows how Al tools can
be used to develop clinical interactive and predictive tools, which
may be a major step toward truly personalized oncological care.
It also shows that these tools are now so readily available and
intuitive that clinicians without formal computational training can
use them in research and clinical practice with promising results.
We underline that model improvement, performance,
interpretability, and clinical translation need multidisciplinary
cooperation with Al specialists[5].

A summary of the significant contributions made by this study:

e Utilizing standard pretherapeutic data, we developed a
proof-of-concept CDSS led by clinicians to anticipate
issues with Bevacizumab. We choose the best machine
learning algorithm (logistic regression, Random Forest,
XGBoost) after testing.

e  For clinical use, a simplified risk score based on logistic
regression was developed and made available as an
offline HTML calculator. We proved feasibility by using
user-friendly Al tools on a real-world oncology dataset
without IT skills.

e This effort aims to reduce physicians' concern about Al
and promote future interdisciplinary cooperation, rather
than as a final model.

II. MATERIALS AND METHODS
A. Patient Selection and Data Collection
According to the Declaration of Helsinki, the Bucharest Institute
of Oncology “Prof. Dr. Alexandru Trestioreanu” Institutional
Ethics Committee approved this research (Protocol Number.
24855, Date of approval: 24 November 2022). This open,

observational, prospective research was undertaken in actual
oncological conditions on patients treated with Bevacizumab or
biosimilars, anticancer medications with common and
occasionally major adverse effects. We included all solid
malignant tumor patients treated at the Bucharest Oncological
Institute “Prof. Dr. Al Trestioreanu (IOB) between January 1,
2023, and June 30, 2024[6]. This study examined clinical practice
and medication use, therefore data were gathered from patients'
medical records and the hospital's computerized database. We did
not set exclusion criteria, and the attending doctors determined all
treatment, dosage, regimen, and follow-up choices without
restriction. We followed patients until 31 December 2024, when
they were censored before analysis. Our minimum period of
follow-up was six months. Unless they withdraw their consent, all
IOB patients agree, by signing a consent form, to the anonymous
use of their medical records and investigation results for scientific,
educational, and paper preparation and publication[7]. Utilizing
pharmacy usage data, recipients of bevacizumab and biosimilars
were identified. Beva cizumab was used in many lines of therapy,
therefore each record was evaluated separately.

There was a distinct record for each indication for Bevacizumab
for various neoplastic disorders. Case-specific information was
provided by histopathology, genetic findings, laboratory, imaging,
and electronic patient records. Demographics, comorbidities,
relevant medical history, neoplastic disease history (tu mor origin,
histology, immunohistochemistry, genetic characteristics,
metastatic sites, diagnostic dates, treatment initiation, progression,
death), and treatment aspects were collected.

Complications were any adverse event reported in patient files
and clinical judgment that was likely connected to Bevacizumab
or its biosimilars, regardless of severity. Due to the small dataset,
we were unable to stratify the issues we wanted to anticipate as
only serious. Thus, all complications were binary outcomes,
reflecting real-world situations where even modest occurrences
may necessitate dosage modifications or affect quality of life[8].

B. Variable Selection
Pretherapeutic biological parameters (hemoglobin, leukocytes,
platelets, blood glucose, urea and creatinine, serum Ca2+,
transaminases, GGT, presence of coagulation changes or tumor
markers), the presence of personal history (smoking, alcohol,
nutritional status), the presence of pathological history (ischemic
heart disease, hypertension, heart failure, arrhythmias, valvular
diseases, diabetes mellitus, previous treatment with oral
anticoagulants Unfortunately, despite our efforts to collect data on
tumor receptors, oncogenic mutations, and repair mechanisms, the
massive percentage of missing data (over 80% of patient records
do not contain such data) prevented us from using these data to
generate predictive models.

C. Database Pre-Processing and Leakage Prevention
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To achieve this goal, we processed the initial database by
removing variables that described the type and consequences of
complications, leaving only pretherapeutic patient and disease
characteristics that could predict complications. Post-treatment
and outcome-linked variables were eliminated to prevent data
leakage. In the training data, only missing values were imputed,
and before being applied to the validation fold, the fitted imputers
were retrained within each cross-validation fold. No outcome-
aware univariate filtering or feature selection occurred outside the
cross-validation loop[10].

A recoded binary variable with values of 0 for no Bevacizumab-
associated complications and | for at least one therapy-associated
event of any severity was also added to the database. Due to the
small number of cases, which may reduce their predictive value,
we did not attempt to develop prediction models for serious
complications. The database was optimized by meticulously
cleaning it in various processes. At first, we discovered a number
of variables with missing values. To avoid errors in the imputation
process, variables encoding biological constants like Na+, K+, and
Cl- (missing in over 20% of records before therapy) were
eliminated from the analysis. We imputed continuous numerical
variables like GGT and serum Ca2+ with less than 5% missing
data by using the median value of the entire sample. As the final
step in cleaning the dataset, an automated examination of the
mean, minimum, and maximum values of continuous numeric
variables revealed outliers. After rechecking the patient records,
this revealed two data entry errors, one of which was missing a
comma [11].

D. Training Predictive Models

On the optimized database, we trained numerous prediction
machine learning models:

e Simple logistic regression, which uses linear connections
between predictors and log-odds, is sensitive to outliers
and noisy variables, but it yields coefficients that can be
easily understood for therapeutic purposes.

e Flastic Net penalized logistic regression provides the
benefits of L1 (sparse, variable selection) and L2
(stability) regularization.

e The RandomForest model, based on decision trees, is
resilient and can capture complicated interactions.

e  The XGBoost model gradually corrects errors, has high
accuracy, performs better with complex data, and
effectively controls imbalances, but it is harder to
understand.

For Logistic/Elastic-Net, Random Forest, and XGBoost, brief,
clinician-oriented "algorithm primers" outline their strengths and
weaknesses. During training, we reduced mild class imbalance by
employing balanced class weights for RF and XGBoost and
inverse frequency class weights for Logistic/Elastic-Net. Metrics

were constructed using the default probability threshold of 0.50,
but clinical objectives may necessitate different thresholds that
compromise sensitivity for specificity. For predictive model
development and statistical analysis, Google Colab's Jupyter
notebook was utilized. In order to generate Python scripts for the
modeling process, web-based Al code generation assistants
(Gemini 2.0 model and ChatGPT plus 40) were used only under
active human supervision and guided by the authors' requirements.
These tools were used to create the figures. Analytical,
methodological, interpreting, and scientific writing decisions were
made solely by the authors[12]. In the beginning, datasets were
divided 70 percent for training and 30 percent for testing in order
to achieve a balance between learning and assessment for
predictive models. We decided to try the 80/20 split version, which
allows for training on more cases and may perform better than the
70/30 split, in order to improve the learning ability of the models,
particularly in the context of class imbalance. To maximize
performance, we optimized each model as follows:

e Logistic regression: To correct class imbalance, inverse
weights were applied to the classes, and L1 (Lasso), L2
(Ridge), and Elastic-Net-type penalties were tested to
reduce overfitting and select relevant variables. The
stability of L2 is combined with the sparse regularization
and variable selection of L1.

e RandomForest: Hyperparameters (the number of trees,
maximum mumtree depth, and minimum number of data
per leaf) and weights were altered to reduce minority
class classification errors.

e XGBoost: Boost settings (learning rate, max_depth,
n_estimators, and subsample) and class weights were
altered to improve complexity identification.

Grid search was used to adjust the hyperparameters of each
algorithm on the training set. The final parameter settings can be
found in Supplementary Table S1.

E. Comparing the Performance of Predictive Models

The same assessment approach was used to compare un optimized
and optimized models on an unrevised test set (hold-out
technique) of 20 or 30% of the original data, depending on the
model split. Each model's performance was assessed using the
following indicators:

e Inaccuracy overall.

e Class discrimination ability
AUCROC score.

e In medical settings, Class 1 sensitivity (recall) is
essential for identifying patients with potential issues
because missed instances may have significant clinical
effects.

e  Specificity in identifying instances without problems
helps ensure safe medication delivery.

is measured by the
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e The Fl-score for class 1 shows the right balance between
sensitivity and accuracy.
e  Errorrate—total fraction of inaccurate classifications
(false positives and negatives).
We chose the best model—optimized Random Forest 80/20—
after the comparison study to develop clinical tools like a risk
score and an interactive HTML form with an automated risk
calculator.
F. Internal Validation
We next conducted a 5-fold stratified cross-validation process
across the dataset to improve model generalizability estimates and
decrease over fitting. To determine the AUC, sensitivity,
specificity, and accuracy, we used the mean across folds. We
conducted 25 cycles of repeated 5 x 5 CV to evaluate stability.
Out-of-fold (OOF) predictions were made over all runs, and we
calculated a bootstrap 95% CI for AUC (B = 2000). Due to the
size of the dataset, the current proof of concept was unable to
utilize a more stringent layered cross-validation technique[13].
III. RESULTS
A. General Description of the Cohorts and Distribution of
the Target Variable
177 (44.8%) of the 395 single-location treatment sessions in the
analytic dataset experienced side effects related to bevacizumab,
while 218 (55.2%) did not. After ensuring no data leaking between
train—validation partitions, patients with numerous treatment
sessions were treated as separate observations. The primary result
was any issue related to bevacizumab during the observation
window[14]. Patient sample included 130 men and 265 women.
Rural residents had less access to medical care, as evidenced by
the fact that the majority of patients (341—86.33%) were from
metropolitan areas. Through the National Oncology Program, 271
retired patients, 90 employees, and 34 uninsured patients received
complex treatments at treatment (8.61 percent). Figure 1 shows the
cohort's age histogram. The distribution is essentially normal,
with a slight negative asymmetry (skewness = -0.18), as shown by
the age histogram. Our cohort is typical for statistical analysis due
to its rather normal distribution, and patient age does not influence
the results[15]. The majority of patients treated with Bevacizumab
for solid tumors were in their sixth decade, which is the typical age
of diagnosis in oncology. Age ranged from 22 to 88 years, with a
mean age of 61.6 10.88. Although a minority, young patients
(under 40 years) show that advanced cases may occur in young
populations. When devising a treatment plan, one must take into
account their psychosocial characteristics. The finding that the two
groups are not statistically different (p = 0.475) is significant since
older age is associated with comorbidities. Bevacizumab side
effects may be exacerbated by aging-related body weakness.

Age Distribution of Patients
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Figure 1. Age distribution of the study's participants.
Tables 1-3 show the distribution of pretherapeutic characteristics
used to examine the worldwide sample. Pre-existing renal
damage, lower serum hemoglobin values, and certain tumor
characteristics (colorectal or cervical location, poor/absent cellular
differentiation, and aggressive histologies) are the only variables
that appear to be more common in the group with complications
[16]. Numerous pretherapeutic characteristics are evenly
distributed across the two groups.

Tablel. Pre-treatment socio-demographic and medical
variable distribution

Variable Total | Study Witness p-
(n, Group Group valu
%) (Complicat | (No e

ions) Complicat
ions)

Sex (Female) 265 130 135 0.47
(67.09 5
%0)

Sex (Male) 152 88 64 —
(32.91
%0)

Residence 341 183 158 —

(Urban) (86.33
%0)

Residence 54 35 19 —

(Rural) (13.67
%0)

Blood Group | 34 18 16 0.66

(AB) (8.61 7
%0)

Rh Negative 74 43 31 —
(18.73
%0)

Hypertension 147 73 74 0.03
(37.22 28
%)
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Cardiac 33 12 21 0.03 Bevacizumab 55 28 27 0.58
Insufficiency (8.35 67 (13.92 78
%) %)
Valvopathies 62 26 36 0.03 Neoadjuvant 234 134 100 0.36
(15.70 18 Chemotherapy | (59.24 98
%) %)
Arrhythmias 32 15 17 0.42 Radiotherapy 92 47 45 0.43
(8.10 30 (23.29 31
%) %)
TIA/Stroke 3 1 2 0.85 Nutritional 257 148 109 0.81
(0.76 60 Status (Normal) | (65.06 43
%) %)
PTE/DVT 20 6 14 0.03 Obesity/Overw | 73 40 33 —
(5.06 62 eight (18.48
%) %)
Chronic Lung | 25 10 15 0.06 Underweight/C | 65 35 30 —
Disease (6.33 29 achexia (16.46
%) %)
Diabetes 44 18 26 0.47 Table2. dispersion of cancer-specific pre-treatment variables
(11.14 79 Categor | Variable Tota | Study Witness | p-
%) y 1 (n, | Group Group | val
Chronic Renal | 10 1 9 0.00 %) (Compli | (No ue
Disease (2.53 96 cations) | Compli
%) cations)
Chronic 13 6 7 0.70 Cancer | Ovarian/Tub | 102 | 70 32 0.0
Hepatitis/Cirrh | (3.29 20 Type al/Peritoneal | (25. | (32.1%) | (18.1%) | 00
osis %) 82% 2
Prior  Cancer | 34 21 13 0.53 )
Diagnosis (8.61 13 Other 209 | 104 105
%) Cancers (52. | (47.7%) | (59.3%)
Mental 15 6 9 0.23 91%
Disorders (3.80 9 )
%) Cervical 40 16 24
Recurrent UTT | 15 11 4 0.23 (10. | (7.3%) (13.6%)
(3.80 9 13%
) )
Past  Surgical | 288 158 130 0.91 Breast 28 22 6 (3.4%)
Procedures (72.91 90 (7.0 | (10.1%)
%) 9%)
Neoadjuvant 94 44 50 0.07 Pulmonary 7 4 (1.8%) | 3(1.7%)
Immunotherap | (23.80 96 (1.7
y %0) 7%)
Oral 29 9 20 0.01 Others 9 2(0.9%) | 7 (4.0%)
Antidiabetics (7.34 16 2.2
%) 8%)
Insulin 4 1 3 0.47 Patholo | Adenocarcin | 206 104 102 0.0
(1.01 46 gy oma (52. | (47.7%) | (57.6%) | 01
%) 15% 3
)
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Cervical 93 63 30 Stage 11 4 3(1.4%) | 1(0.5%)
Cancer (23. | (28.9%) | (16.9%) (1.0
54% 1%)
) Stage | 1 1 (0.5%) | 0(0%)
Squamous 33 13 20 0.2
Cell (8.3 | (6.0%) (11.3%) 6%)
Carcinoma 5%) Metasta | Peritoneal 142 | 81 61 0.6
Invasive 25 20 5(2.8%) sis (34. | (37.2%) | (34.5%) | 53
Ductal/Lobul | (6.3 | (9.2%) 95% 3
ar 3%) )
Mucinous 23 14 9 (5.1%) Bone 25 14 11 —
Adenocarcin | (5.8 | (7.9%) (6.3 | (6.4%) (6.2%)
oma 2%) 3%)
Others 15 9 (4.1%) | 6 (3.4%) Hepatic 169 | 89 82 0.2
(3.8 (42. | (40.8%) | (46.3%) | 38
0%) 78%
Differe | G3 (Poorly | 144 | 92 53 0.0 )
ntiation | differentiated | (36. | (42.2%) | (29.9%) | 06 Lymphatic 46 28 18 0.5
Grade |) 46% 5 (11. | (12.8%) | (10.1%) | 05
) 65% 2
G2 227 | 110 117 )
(Moderately | (57. | (50.5%) | (66.1%) Brain 8 4(1.8%) | 4(2.3%) | —
differentiated | 47% (2.0
) ) 3%)
Gl (Well | 24 16 8 (4.5%) Others 15 8(3.7%) | 7(4.0%) | —
differentiated | (6.0 | (7.3%) (3.8
) 7%) 0%)
Tumor | Perineural 75 40 35 0.7 Disease | Metastatic 314 170 144 0.1
Feature | Invasion (18. | (18.3%) | (19.8%) | 04 Type (79. | (78.0%) | (81.4%) | 06
s 99% 9 49% 1
) )
Lymphovasc | 117 | 64 53 0.9 Advanced/U | 52 35 17
ular Invasion | (29. | (29.4%) | (29.9%) | 87 nresectable (13. | (16.1%) | (9.6%)
62% 7 16%
) )
Peritoneal 79 36 43 0.1 Recurrent 29 13 16
Infiltration (20. | (16.5%) | (24.3%) | 47 (7.3 | (6.0%) (9.0%)
00% 3 4%)
) Treatm | First-line 180 | 95 85 0.3
Cancer | Stage [V 316 | 168 148 0.3 ent (45. | (43.66% | (48.0%) | 93
Stage (80. | (77.1%) | (83.6%) | 30 57% | ) 5
00% 6 )
) Subsequent 146 | 84 62
Stage 111 74 46 28 lines (36. | (38.5%) | (35.0%)
(18. | (21.1%) | (15.8%) 96%
73% )
) Later lines 54 28 26
(13. | (12.8%) | (14.7%)
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67% Category Type of | Moder | Very | Total
) Complication ate Serio | (n=30
Maintenance | 15 11 4 (2.3%) (n=245 | us 5)
(3.8 | (5.0%) ) (n=6
0%) 0)
Table3. A distribution of pretherapeutic paraclinical Infectious Septic/Infectious 35 14 49
variables. Complicatio | (Total)
Category | Variable | Study Witness p- ns
Group Group (No | valu Abscess 7 3 10
(Complicati | Complicati | e Urinary Tract | 11 — 11
ons) ons) Infection
Hematolo | Hemoglob | 11.84+1.74 | 11.10 + | 0.00 Pneumonia 2 1 3
gical in (g/dL) 1.84* 09 Others (eg, |5 2 7
Parameter cholera)
s Cardiovasc | Thromboembolic | 51 7 58
Leucocyte | 7.44+2.70 | 7.07+2.66 | 0.13 ular Events
S 78 Complicatio
(x10%/uL) ns
Thromboc | 286.11 +| 27790 +|0.25 Hemorrhagic 8 2 10
ytes 108.42 111.24 00 Events (non-
(x10%/uL) intestinal)
Biochemic | Glycemia | 101.83 +|103.79 £+ 0.30 Arterial 10 — 10
al (mg/dL) 26.25 27.01 49 Hypertension
Parameter Arrhythmia — — —
s Gastrointes | Total GI Issues 30 4 34
Creatinine | 0.77+0.21 | 0.82+0.25 | 0.08 tinal
(mg/dL) 45 Complicatio
Urea 32.16 + | 34.55 +10.13 ns
(mg/dL) 13.29 15.48 54 Digestive 34 14 48
Liver TGO 23.67 + | 26.38 + | 0.82 Hemorrhage
Function | (AST) 13.30 23.24 59 Ileus 4 2 6
Tests Perforation/Fistula | 3 9 12
TGP 22.29 + | 26.04 + | 0.57 Diarrhea 6 1 7
(ALT) 13.29 38.48 18 Nausea/Vomiting | 3 0 3
GGT 67.38 + | 75.01 + | 0.07 Stomatitis 1 0 1
94.07 106.16 73 Gastritis 1 0 1
Electrolyt | Calcium 935+0.59 |9.30+0.57 | 0.16 Genitourina | Total GU Issues 29 4 33
es (Ca*) 55 ry
Clinical Coagulati 29 (13 3%) 39 (220%) 0.03 Complicatlo
Variables | on 14 ns
Modificati Renal _ _ _
ons Insufficiency
Tumoral 74 (33.9%) | 72 (40.7%) | 0.20 Genitourinary _ _ _
Marker 27 Fistula
Alteration Hematologi | Anemia  (Low | 34 0 34
s cal RBC)
Table 4. Bevacizumab and biosimilars-related side effects' Complicatio
frequency, nature, and severity in the study group ns
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Thrombocytopeni | 18 6 24
a
Leukopenia/Neutr | 18 2 20
openia
Pancytopenia 0 1
Neurologica | Neuropathy 5 1 6
1
Complicatio
ns
Headache/Migrain | — — —
e
Other General Side | 10 0 10
Complicatio | Effects*
ns

B. Comparative Study of Predictive Models' Outcomes
While the Random Forest model benefited greatly from
hyperparameter tuning (optimization increased AUC from 0.66 to
0.75 while maintaining a good balance between sensitivity and
specificity, making it the best-performing predictive model),
logistic regression and the XGBoost models did not. Despite the
fact that the AUC remained the same, the sensitivity of the
XGBoost80/20  model decreased to 0.400 following
hyperparameter adjustment [17]. Optimization had a variety of
different effects on performance. In order to increase the models'
learningability, particularly in the setting of classimbalance, we
chose to attempt the 80/20 split version, which allows for training
on a greater number of examples and supposedly delivers better
performance than the 70/30 split. Models trained on the 80/20
split perform better in terms of AUC-ROC and sensitivity when
compared to models trained on the other data splits, providing a
better balance between learning and evaluation[18]. Figure 2
shows the comparative performance of fall-trained prediction
models as a heatmap.

C. How Well the Optimal Predictive Model Works
After training a number of predictive machine learning models, we
found that the Random Forest model, which was optimized by
modifying hyperparameters and employing
classweightstoreduceclassificationerrorsoftheminorityclass,
provided the most accurate prediction of therapeutic
complications. This model had an 80/20 split. Paired DeLongtests
on the common validation set indicated no significant AUC
differences across RF, Logistic/Elastic-Net, and XGBoost
(allp>0.05). Non-significant differences between pairs in
McNemar accuracy tests at the 0.50 level support the notion that
observed variations are small. RF was chosen for downstream
translation because to its balanced sensitivity/specificity and
SHAP-based explanations[19].

e 08
43 0.70 0.48

Random Forest 80/20 (unoptimized) 0.

XGBoost 80/20 (optimized)
XGBoost 80/20 (unoptimized)
Logistic Regression 70/30

(unoptimize d)

Logistic Regression 80/20
(unoptimized)

Random Forest 7050 unoptimized) -[NREN

Logistic Regression 80/20
(optimized)

Logistic Regression 80/20
(Elastic Net)

XGBoost 70/30 (unoptimized)

Specificity  Fl-score class 1

Figure 2. Evaluation of the relative effectiveness of trained
prediction models.
Overall performance of the RF 80/20 optimized model:

Auc Sensibility

e 70.63% overall accuracy

e There were 29.37 errors.

e Sensitivity (recall): 66.67% for detecting patients with

problems.
e  Specificity (identification of complication-free patients):
73.85%.

e AUCROC of 0.75.

e Fl-score of Class 1 (0.67, patients with issues)

e  Precision: 0.673.
The improved Random Forest 80/20 model was trained on 395
patients, 177 of whom had complications and 218 who did not. It
performed poorly when it came to prediction but was well-
balanced across classes. The model correctly classifies seven out
of ten patients[20] with an accuracy of 70.63 percent. The model's
minority class recall of 66.67 percent indicates that it can identify
two out of every three patients who will experience therapy-related
complications, and its specificity of 73.85 percent indicates that it
can exclude three out of every four patients who will not
experience complications. In oncology, these findings may
prevent patients from losing quality of life and interfering with
systemic medication[21]. This model may be used for initial
patient triage, but its 30% error rate indicates caution when using
it as the only decision-making criteria. Our model's accuracy of
67.3%, close to its sensitivity, implies that it properly detects
instances and minimizes false alarms. The harmonic mean
between sensitivity and precision, the F1-score of the optimized
Random Forest 80/20 model, which is 67%, supports the
conclusion that it performs well without being unbalanced (more
precision at the expense of lower recall). When both risks (missing
patients or false alarms) are significant, this paradigm is clinically
applicable. Finally, the AUC ROC value of 0.75 demonstrates that
this model has good discriminative power across a variety of
choice thresholds (above the random threshold of 0.5)[22]. The
model may have flaws if it produces false-positive and false-
negative results. False-negative findings may have significant
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repercussions in contemporary oncology as a result of inadequate
surveillance or therapy modification. Even though they are not
harmful, false-positive results can cause unnecessary anxiety,
excessive investigation, and excessive monitoring. A confusion
matrix for the improved Random Forest 80/20 model is depicted
in Figure 3, highlighting these potential errors[23]. As a result, the
enhanced Random Forest 80/20 model can be utilized as an
automated screening tool to assist in adjusting Bevacizumab doses
and customizing monitoring protocols for patients who are likely
to experience therapy-related complications. This model balances
sensitivity and specificity for case detection and false alarm
detection and has the best predictive performance. The model's
poor performance suggests that it should be used in addition to
rather than in place of clinical evaluation[24].
Confusion Matrix - Optimized Random Forest
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Figure 3. The improved Random Forest model's confusion matrix
(80/20).

With Complications

D. Model Validation

We added internal cross-validation to the 80/20 hold-out to
determine generalizability. The improved Random Forest model
had an AUC of 0.62 + 0.10, accuracy of 0.60 + 0.08, sensitivity of
0.43 £ 0.11, specificity of 0.73 + 0.09, precision of 0.57 £ 0.10,
and F1 of 0.49 + 0.10 in 5-fold stratified cross-validation (
Repeating the approach (5 % 5 cross-validation; 25 runs) provided
similar estimates: AUCO0.62 =+0.07, accuracy 0.59 + 0.06,
sensitivity 0.43 £+ 0.08, specificity 0.72 + 0.06, precision 0.56 +
0.08, and F1 0.48 £+ 0.08 (Supplementary Table S3) Out-of-fold
predictions pooled across all runs provided a global AUC of 0.612
with a bootstrap 95% CI of 0.555-0.665 (B = 2000), spanning the
cross-validated averages and validating our estimates' stability
(Supplementary Table S4)[25

Class proportions remained consistent throughout folds (positives
~45%), confirming the observed trade-off of better specificity over
sensitivity is due to the model rather than sampling problems. A
‘rule-in’ approach recommends that positive signals should
strengthen monitoring in higher-risk patients while negative
forecasts should not de-escalate treatment.

These results support this study's proof-of-concept goal of
clinician-led feasibility on real-world data, not performance.
Sensitivity and utility should be improved in the future by
multicenter external validation, feature enrichment, and threshold
calibration[26].

E. Model Interpretability (SHapley Additive

exPlanations—SHAP)

Using the improved Random Forest model's SHAP summary
graphic (Figure 4), we examined prediction formation. This
method adheres to medical Al guidelines and increases clinical
transparency. Age (Varsta) and diagnosis account for the majority
of the explanatory signal. Each dot in the plot represents a patient,
and the horizontal position indicates the feature's direction and
magnitude in predicting complications (positive values push the
prediction toward “complication”), while color encodes feature
value (blue = low, red = high).
Higher age values consistently increase risk, whereas lower age
values decrease it. Certain diagnostic categories raise risk while
others lower it due to heterogeneity in the tumor site and context.
Cross-validation's mild discrimi nation (AUC = 0.62) matches the
tiny absolute SHAP magnitudes, which indicate that there is no
dominant driver. Risk is multifactorial, and rather than one
predictor determining output, multiple routine factors gradually
contribute[27]. These justifications are clear on a clinical level:
forecasts are higher for older or less favorable diagnostic profiles,
confirming that the tool is intended for risk awareness and
intensity triaging rather than treatment. As a result, the figure
demonstrates that our clinician-led strategy adheres to clinical
intuition while remaining accessible to non-IT users.
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Figure 4. summarized figure for the optimized Random Forest
model (SHAP). Each dot represents a single patient, and the x-
axis shows the feature's contribution to the anticipated chance of
complications, with positive values indicating a higher risk. In
this case, color represents the feature value, blue indicates low
and red indicates high. Diagnosis and age are the two most
important factors. Certain diagnostic categories and older age
tend to raise risk projections, while other factors and younger
age tend to lower them. Cross-validated performance (AUC
0.62) and the low effect sizes (|1SHAP| 0.05) suggest that risk is
distributed across a number of common factors rather than being
dominated by one.

F. Translating the Predictive Model into Clinical Tools
Applicable in Oncological Practice
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After the comparison study, we selected the best model (optimized
Random Forest 80/20) to create clinical tools including a risk score
and an interactive HTML form with an automated risk calculator.
This method of small steps included:

Selection of major predictive variables: To create the
clinical score, the significance coefficients of the
variables obtained by the specified model were analyzed
to identify the most predictive factors. As a result, we
found factors that the predictive model thought were
more accurate. We kept those that were readily accessible
in practice, pretherapeutically available, and clinically
meaningful. Hemoglobin, platelet and leukocyte counts,
blood glucose, creatinine, urea, and transaminase levels
were predictive.  Age, location, stage, and tumor
differentiation were all included in the clinical
characteristics.

Construction of the initial clinical score: Binary
thresholds were determined for each numerical variable
(e.g., Hg < 11 g/dL, urea > 40 mg/dL) depending on
dataset distribution and clinical competence. Each
category was then scored according to its relevance in the
optimized Random Forest 80/20 model. A cumulative

model was used to create a risk score based on logistic
regression. Integer weights were calculated using scaled
and rounded regression coefficients (), which were then
added to produce a total score. The cut-off points for risk
stratification (low, middle, and high) were determined by
Youden's J index using ROC analysis[28].
Performance evaluation of the optimized score: The
new score was compared to the baseline score and the
Random Forest model directly using ROC curves, score
distribution analysis, and performance metrics including
accuracy, sensitivity, specificity, and Fl-score. These
assessments performed better than the original score,
equivalent to the Random Forest model, but with clinical
portability and interpretability (Figures 5 and 6 and Table
5). The first score has a significant range and a close
mean across groups, indicating low discriminating
abilities. In most cases, scores for patients with and
without problems are the same. However, the logistic-
derived score distinguishes groups better. The
probability scores of patients with complications are
higher, while those without problems are centered in the
lower probability distribution.

score was calculated and classified into three risk classes: ~ Validation of the probabilities of the logistic-derived score We

low (0-2 points), moderate (3—5 points), and high (>*6 made the comparative calibration map in Figure 6 to see if the

points). probability of the logistic-derived score actually reflects the risk
o Testing of the initial clinical score: In order to evaluate ~ of complications and to compare it to the baseline score.

Initial Score Distribution

risk identification, the score was applied retroactively to
16} +

the group. We looked into the distribution of patient
scores, the rates of complications in each risk category, o

and the performance of the statistical methods (AUC 8l
ROC, accuracy, sensitivity, and specificity). The first 61
clinical score had 59% accuracy, 0.555 AUC ROC, 4
47.2% sensitivity (class 1) recall, 60.8% specificity, and
0.502 F1-score class 1. This suggests that Bevacizumab
patients can only be prioritized based on their risk of Distribution of the Logistic-Derived Score
complications. Since the initial score is discontinuous '

12t 4 .
‘ ¢

Wihout With
Complications

with predefined thresholds, precise representation of
individual risk is limited. We decided to maximize the 9 ¢ :

score because of these factors.
1 e

-20+ - + '

e Optimization of clinical score performances: A
logistic regression model was used to improve the
clinical score using the raw score as predictors. Thus, we L -
were able to remove arbitrary criteria, construct a Cormpications
continuous risk assessment, and create a logistic-derived Figure 5. A comparison of the original version (a) and the
clinical score by calibrating the likelihood of problems. logistically generated score (b), which shows how clinical risk
Customized risk occurrence probabilities, improved scores are distributed according to how often complications

occur. The predicted probability is increased or decreased,
respectively, by the raw model score (log-odds) when the Y-axis
is positive and the X-axis is negative.

separation of high-risk situations from low-risk ones, and
calibration (observed vs. projected ratio) are provided by
the logistic-derived score. The multivariate logistic
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Table S. indices of how well the initial score and the logistic Category Variable Criteria Points
derivative score are comparable. Demographic | Age < 65 years 0
S.No. | Performance Metric Value > 65 years 1
1 F1-Score 0.555 Biochemical Serum Urea <40 mg/dL 0
2 AUC-ROC 0.590 >40 mg/dL 1
3 Accuracy 0.472 Leucocyte <10,000/mm* |0
4 Sensitivity (Recall) 0.608 Count
5 Specificity 0.502 >10,000/mm* | 1
6 Precision 0.720 Hemoglobin >10 g/dL 0
7 Negative Predictive Value (NPV) 0.680 <10 g/dL 1
8 Balanced Accuracy 0.642 Transaminases | <40 U/L 0
9 Clinical Score Correlation 0.698 (TGO/TGP)
10 Overall Model Performance Index 0.662 >40 U/L 1
Comparative Calibration Plot Creatinine < 1.5 mg/dL 0
Ho Initia clinical scorg > 1.5 mg/dL 1
o— Derived logistic
0.8 e Clinical Cancer Stage Stage [-11 0
0 — Stage LIV | 1
4 ot Histological Differentiation | G1-G2 0
2 o ( Grade
802 G3 1
- Tumor Lymph Node | Absent 0
= Characteristics | Invasion
0.0 0.2 0.4 0.6 0.8 1.0
Mean predicted probability Present 1
Figure 6. a comparison of the calibration plot for the logistic Cancer Type Subtype Breast /10
derivative score and the original score. Ovarian /
The calibration plot compares score-predicted problems to Cervical
observed frequencies. The ideal situation is the dotted diagonal Colon / Lung / | 1
line, when the algorithm successfully forecasts risk in all Others
circumstances. Figure 6 shows that the logistic derivative score Table 7. Clinical risk criteria for the logistic-derived score.
curve approaches the ideal line, indicating greater discriminating Total Score | Risk Complexity | Probability of
power (the model distinguishes patients with and without (Points) Group Level Complications
problems effectively) and accurate risk estimation. Due to the 0-3 Low Minor <25%
dataset's inherent imbalance, certain places deviate from the ideal Risk Danger
line, however this does not influence performance. We 4_6 Moderate | Level 3 | 25% — 60%
determined that the improved score has a strong calibrated Risk Danger
prediction power, making it acceptable for clinical use. 7-10 High Severe > 60%
G. Building an Interactive Form Applicable in Oncologic Risk Danger

Practice
We developed a responsive HTML form based on the logistic-
derived score that can be used both online and offline. This form
allows the doctor to tick risk factors and receive the cumulative
score, risk class, and estimated percentage risk. Easy to use, the
form might be implemented into oncological practice to help
treating doctors stratify therapeutic complications risk
pretherapeutically. Tables 6 and 7 display the final logistic-
derived score (variables, categories, and scores) and clinical risk
thresholds.
Table 6. logistic regression-based distribution of weighted
score factors and points.

File S1 has an interactive HTML risk calculator based on the
clinical risk score to demonstrate its usefulness.
IV.  DISCUSSION

With an abundance of real-time clinical, paraclinical, imaging,
genetic, and molecular data that exceeds the physician's decision-
making capabilities, the oncology environment is rapidly evolving
to improve post-therapeutic outcomes. Advanced Al techniques
can synthesize this complexity and assist tailored treatment
choices without replacing clinical expertise, patient-physician
contact, or evidence-based international standards. The creation
of CDSSs, which can be easily incorporated into oncological
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practice and serve a variety of purposes, has been made possible
by utilizing various Al techniques.

Created prediction models from historical data using
machine learning techniques like logistic regression,
gradient boosting, support vector machines, and random
forest. They apply the patterns they find in a dataset to
new instances to produce quantitative and repeatable
results. Applications include predicting drug toxicity and
adverse effects, patient prognosis, and therapeutic
response. XDECIDE, a web-based tool that combines Al
and clinical expertise to provide individualized
oncological treatments, is one such platform.

The clinician's initial treatment plan was altered as a
result of this platform, as studies have demonstrated.
DeepLearning is a machine learning technique that uses
multi-layered neural networks to learn abstract data
representations. Medical images (CT, MRI,
histopathology) and time-series data (biological
parameter evolution) can be analyzed by CNN and
LSTM models. Deep Learning interprets subsequent data
and automatically identifies abnormalities.

Deep Learning can automatically identify lesions on CT
and MRI images and detect toxicity signals via repetitive
analysis. DeepMind Health (Google) employs CoDoC to
identify breast lesions, providing a practical illustration
of Deep Learning-based CDSS. The predictive model
reduced clinician burden by 66% and false-positive rates
by 25% when compared to double reading with
arbitration. Deep Learning CDSS clinical trials in
healthcare are promising.

Al is able to decipher human speech thanks to Natural
Language Processing (NLP), which converts
unstructured medical records into structured data for
CDSS development. Named Entity Recognition (NER),
text summarization, and embedding models (like
Word2Vec, BERT), among others, are all capable of
automatically extracting data from medical records,
locating candidates for clinical trials, and making
treatment recommendations that are consistent with
guidelines.

Large Language Models (LLMs) like ChatGPT,
Flamingo, PaLl, and Gemini make it possible for
conversational Als to simultaneously synthesize data
from a variety of sources and produce coherent text. With
LLMs, clinicians can use interactive interfaces to ask
questions, demand answers, and consider alternative
clinical/therapeutic choices. Physician labor can be
reduced by wusing LLMs, which may generate
documentation automatically. Google DeepMind's 2025

medical LLMs, AMIE and MedGemini, outperform
human specialists in text summarization and document
production and construct sophisticated oncologic
therapeutic regimens in over 90% of simulated situations.
Reinforcement Learning (RL)—a potential Al that learns
via encounters and incentives, despite its unfamiliarity.
It may be utilized to make dynamically adaptative
treatment decisions (e.g., dosage adjustments depending
on patient response and reaction). This artificial
intelligence works in the same way that a doctor
improves his clinical acumen by making better decisions
in the past.

For Al to be effective in clinical practice, it must be
transparent and provide doctors and patients with
explanations of decision-making variables. Transparency
will improve clinical Al adoption. LIME or SHAP-based
explainable Al (XAI) plays this role.

These technologies are based on data engineering, which
collects, cleans, and transforms medical data. AI models
fail without this step. Pandas, NumPy, and TensorFlow
Data turn data into  algorithm-friendly
representations.

raw

In multicenter cooperation, Federated Learning provides

an ethical and safe way to train Al models on remote
databases without disclosing patient information (e.g.,
Flower, NVIDIA Clara, TensorFlow Federated).
Hospitals may contribute to shared models while
protecting GDPR or HIPAA data.

The clinical expertise of humans and these Als complement one

another.

Each contributes to aided medical decision making's

complexity.
A. Related Work and State-of-the-Art (SOTA)
Approaches
Recent frameworks like the Yonsei Cancer Data Library show
how multimodal data integration supports evidence-based
recommendations for over 170,000 cancer patients. Multiple Al

solutions

facilitate the move from conventional guide lines to

customized real-time assistance, helping oncologists offer safe,
effective, and individualized treatment. In Table 8, we list several

common

AI-CDSS uses in oncology.

Table 8. Al-based CDSS-based solutions and cutting-edge
SOTA methods developed for cancer-related tasks.

CDSS / | Domain of | Type of Al | Key Outcomes
System Oncology
Yonsei Various Deep Personalized
Cancer Data | malignancies | Learning treatment  for
Library (multi- >170,000

modal patients;

using EHR | improved
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+ genomic | clinical
data) efficiency
Analytical Breast Natural Higher
Processing cancer Language sensitivity and
Units for Processing | specificity
Clinical (NLP)  + | compared to
Trial Rule-based | manual
Eligibility system screening
MammaPrint | Breast Machine Identifies low-
cancer Learning- risk  patients;
based reduces
genomic unnecessary
classifier chemotherapy
(validated  in
MINDACT
trial)
DecisionDx- | Ocular ML-based Predicts risk of
UM melanoma gene metastasis
Database expression
classifier
StratiGraph | Non-Small Proteomics- | Predicts
Cell Lung | based ML | response to
Cancer classifier erlotinib  and
(NSCLC) EGFR
inhibitors
LLM-based | Multiple Large Generates
Cancer cancers Language explainable
Models Models oncologic
(LLM  + | decisions with
Retrieval- >91% accuracy
Augmented
Generation)

Although our work is a clinician-led proof of concept that
demonstrates that accessible Al tools can be integrated into
everyday oncology practice, even outside of large research
consortia or IT-driven environments, these SOTA systems
demonstrate Al's potential in medicine. This project is one of a
kind because doctors came up with the idea and carried it out
without knowledge of Al or computer science. This shows that a
lot has changed in the field: Al-based tools are now easy enough
for non-specialists to use to use real-world clinical data (especially
after doctors get over their initial resistance). We acknowledge
that Al expertise are needed to improve model augmentation,
optimization, interpretability, validation, and clinical deployment.
Although incorporating AI-CDSS into oncological treatment is
revolutionary, maintaining clinical relevance and performance
requires a dynamic, feedback-driven continuous development
strategy. A methodical approach to continuously improving Al-

CDSS-based clinical ratings in order to anticipate issues with
oncologic drugs is depicted in Figure 7.

Workflow for Clinical Risk Score Enhancement

Adaptive Database (Data Lake)
Collect initial & outcome data; include new variables

Periodic Al Recalibration
Retrain model on new data; COMPare vs. prior version
Interactive Feedback from Clinician
Assess usefulness: report undetected complications

Addition of New Clinical Parameters

Assess predictive value; integrate into score

Clinical Audit & Validation Decision

Review score performance: determine new version

Notifications & Transparency

y users of updates: show score changes

e ——————————————————————————————————

Clinical Dashboard & Reports

Benchmark practice: recommend adjustments

Figure 7. An AI-CDSS-based cancer clinical practice risk
score and a methodical approach to its ongoing refinement
are proposed.

We require an adaptive clinical data lake (data lake) that collects
baseline and outcome variables from real-world clinical practice
to incorporate fresh data and improve the model over time. As
research and clinical observation provide new essential clinical
factors, the database must be built for extension. Adaptive
databases populated with real-world clinical data are used in Al-
CDSS frameworks to encourage the gradual learning and
retraining of prediction models. Database architecture should
enable modular data growth, enabling the addition of new
biomarkers or clinical factors without disturbing present work. A
scalable and ethical AI-CDSS that can be upgraded based on
feedback from clinicians, real-world data, and regular model
retraining keeps the tool relevant. The CDSS is kept up to date
with new medical evidence, treatment advancements, and patient-

specific complexity by this dynamic architecture.

B. Study Strengths, Limitations and Future Directions of

Research

There are a number of advantages to this study. First, the model
employs solely pretherapeutic factors and real-world,
prospectively acquired clinical data to stratify risk before
Bevacizumab/biosimilars treatment is started. The whole model
creation was done by physicians without specialized
computational expertise, demonstrating the increased accessibility
and utility of Al technologies in medical practice. Additionally,
the idea was turned into simple, offline, HTML interactive tools
that can be deployed right away for direct clinical use. Oncologists
are familiar with the model's predictors—age, anemia, renal
function, and tumor differentiation—but its capacity to synthesize
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multiple variables into a single, individualized risk estimate can
aid in triage and shared decision-making, particularly in patients
who are borderline or frail. Model simplicity, therapeutic
relevance, and clarity are prioritized in order to connect theoretical
modeling and clinical practice. This research is a clinician-led
proof of concept showing how Al technologies may be practically
integrated in cancer treatment. We also value multidisciplinary
cooperation with Al professionals to improve model performance,
interpretability, and clinical integration. This accessibility,
clinical grounding, and translational emphasis reinforce the rising
body of evidence that Al may help (not replace) medical skill in
customizing cancer therapy. The main flaws in our study are:

e  The main constraint of our work is the lack of an adaptive
database for developing our risk score, preventing
prediction models from being updated with fresh clinical
data. This was done to demonstrate that medical
professionals may use Al tools in their research and
practice without a qualified Al specialist since they are
convenient and intuitive. For the best outcomes, it is
essential to collaborate with Al professionals.

e  The limited sample size and disproportionate distribution
of patients in the group with and without complications
may restrict the generalizability of the developed
prediction models.

e Despite the fact that we included 395 treatment sessions,
the sample size may limit the statistical strength of the
model, particularly in edge-case scenarios. Multicenter
validation needs to be expanded.

e Institutional selection bias, which reduces external
validity and increases the risk of overfitting, may result
from data from a single medical unit.

e A lack of potentially predictive variables: only a small
number of patients had concurrent treatments, a detailed
ECOG score, immunohistochemical factors, oncogenic
mutations, and deficiencies in mutation repair, making
these variables statistically unusable. The final risk score
has not been verified on an external dataset or evaluated
in clinical practice for dependability.

Limitations suggest further study directions:

e A data-lake adaptive system makes it possible to
continuously develop clinical tools that are relevant. The
robustness and generalizability of prediction models may
be enhanced by including data from numerous medical
facilities (multicenter research).

e  Verifying the score on an external sample is crucial for
assessing its effectiveness in bedside decision-making.
The study is a proof of concept with only one center. It is
suggested to incorporate multicentric partnerships for an
external evaluation of the model on independent cohorts.

e Intense cooperation with IT specialists would normalize
Al tool development.
The predictive model may include additional factors,
such as immunohistochemical markers, genetic markers,
imaging, clinical, and treatment data, in future iterations
to improve prediction accuracy.
e  Offline digital apps like the one developed enable doctors
to employ tailored decision support aids easily.
V. CONCLUSIONS
This study established and internally validated a clinical score that
is easy to implement into current oncological practice using
predictive models based on machine learning algorithms to
estimate the risk of Bevacizumab or biosimilar therapy
complications based on pretherapeutic data. Using a rigorous,
tiered approach, we created a therapeutic tool that is realistic and
simple to use. Additionally, converting the score into a digital
HTML form with a responsive design (which automatically adapts
to the electronic device from which it is accessed—mobile, tablet,
laptop), accessible and offline, simplifies clinical implementation
and makes it directly usable by physicians in therapeutic decision-
making. The clinical risk score enhances risk stratification and
tailored oncology treatment with Bevacizumab or biosimilars.
The customization of monitoring strategies and risk awareness are
the primary goals of our tool, not therapeutic options. Even a
moderate prediction performance (70 percent accuracy with a
balanced sensitivity/specificity) could help doctors and patients
make decisions together and avoid underestimating risks in
difficult situations. This proof of concept led by clinicians
demonstrates that clinicians, not IT, can safely study
contemporary Al technologies with clear results. This single-
center, unvalidated research has little discrimination and a rule-in
orientation. ~ These tools may assist physicians in making
therapeutic decisions and adjusting targeted therapy risk/benefit
ratios, potentially leading to truly personalized medicine.
Although they are not intended to replace clinical evaluation and
paraclinical monitoring of oncologic patients, they do have the
potential to do so. In conclusion, our study shows that user-
friendly Al may improve risk awareness and monitoring triage in
regular oncology, reducing fear and bridging disciplines. We
encourage interdisciplinary collaboration and external evaluation
for superior models.
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