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Abstract
Background

Preoperative neutrophil-to-lymphocyte ratio (NLR) is associated with short-term outcomes after cardiac
surgery, but its value for long-term mortality prediction remains unclear. We developed a machine
learning model incorporating NLR to predict 10-year all-cause mortality after cardiac surgery, and used
explainable artificial intelligence to interpret the role of NLR.

Methods

We included adult patients undergoing elective cardiac surgery from the MIMIC-IV database. The primary
outcome was 10-year all-cause mortality. Six machine learning models were compared using grid
search, stratified 5-fold cross-validation, and bootstrap internal validation. The best model was
interpreted using SHAP on the test set. The NLR cutoff was identified by piecewise regression on the
training set. Calibration curves and decision curve analysis were used to evaluate model performance.

Results

Among 4,891 patients (median age 68 years), 222 (4.54%) died within 10 years. After tuning, XGBoost
performed best (optimism-corrected AUC =0.815; 95% Cl: 0.758-0.861), outperforming LASSO
regression (AUC = 0.780). NLR alone had an AUC of 0.709, similar to APACHE Il (0.732; P =0.630).
Combining NLR with APACHE Il improved the AUC to 0.761 (P = 0.002). SHAP analysis identified
APACHE 111 (0.371) and NLR (0.291) as the top two predictors. Piecewise regression identified an NLR
cutoff of 6.5. At a 15% risk threshold, the positive predictive value was 23.3% (5.1-fold enrichment).
Decision curve analysis showed net benefit across thresholds of 5%-30%.

Conclusions

Preoperative NLR is an independent predictor of 10-year mortality after cardiac surgery, with
performance comparable to APACHE Ill. The tuned XGBoost model showed good overall performance.
An NLR threshold of 6.5 was identified and supported by SHAP analysis. NLR may complement existing
risk scores for long-term risk stratification, but should not be used as a standalone tool.

Background

Cardiac surgery works well for a lot of complex heart disease, but patients still die years down the line.
Figuring out who is at high risk early on matters if we want to intervene. The standard tools people use
are EuroSCORE, STS score, APACHE Ill, and SOFA. They have their place, but they were built before blood-
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based inflammation markers became routine, and most of them were validated for short-term outcomes
like 30-day or in-hospital death rather than long-term survival.

NLR is readily available from routine blood work[28], calculated as neutrophils divided by lymphocytes.
[29]. A fair amount of work now links high NLR to worse outcomes in cardiovascular disease [1-3] and
other clinical conditions [14]. But most of that work looks at short-term results, and the NLR cutoff
people report jumps around a lot (2.5 to 10, depending on the paper). Classic regression probably cannot
capture the non-linear stuff going on between NLR and long-term death.Machine learning is good at non-
linear relationships and has been picking up in clinical prediction [4-6]. The catch is that it often feels
like a black box. SHAP uses game theory to show how each feature affects the model's prediction. [7, 8].
Beyond cardiac surgery, elevated NLR has also been linked to poor prognosis in several other conditions,
including hepatocellular carcinomal15, 16], suggesting that NLR may reflect a general state of
inflammatory imbalance rather than being disease-specific.

We did this in two steps. First, we tuned and compared six machine learning models to find the best one.
We then applied SHAP analysis to the test set to understand the role of NLR. We compared NLR with
APACHE Ill, SOFA, and a traditional logistic regression model.We picked 10-year all-cause death as the
outcome because most studies stop at 30 days or 1 year.

Methods
Data Source

We used MIMIC-1V, a public database covering ICU patients at Beth Israel Deaconess Medical Center
from 2008 to 2019 [9—-11]. The data are de-identified. Our use was approved by the relevant IRBs, and the
need for informed consent was waived because this is retrospective.

Study Population

We pulled adults (18+) who had elective cardiac surgery between 2008 and 2019. The procedures were
CABG, aortic or mitral valve repair/replacement, or combined operations. Patients who had neutrophil
and lymphocyte counts within 24 hours before surgery and complete follow-up was include. We
excluded patients with missing NLR, abnormal NLR (<=0 or > 100), or missing death data. We did not
impute missing NLR because it was our main variable. Among 8,218 eligible patients, 4,891 were
analyzed.

The main outcome was 10-year mortality.

Features that were reported as prognostic in the literature, had over 80% missingness in MIMIC-1V, and
covered different clinical areas. We included 12 variables: NLR, age, sex, BMI, prior Ml, heart failure,
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diabetes, renal disease, isolated CABG, valve surgery, APACHE Ill on ICU day 1, and SOFA. LVEF, smoking,
and medications were excluded because more than half of the data were missing.

Statistical Analysis

Multi-model Comparison and Hyperparameter Tuning

The data 70/30 was splited into training and test sets, stratified by death. Six models were compared:
LASSO regression, random forest, XGBoost, LightGBM, SVM, and KNN. We tuned parameters using grid
search and 5-fold cross-validation to maximize AUC. The parameter details are in Additional file 1: Table
S1.

The event rate was only 4.54%, giving an events-per-variable ratio of about 18:1. To prevent overfitting,
we used shallow trees (max_depth = 3) and 1,000 bootstrap resamples for internal validation. Each
bootstrap iteration repeated the full training process including parameter tuning. We used class
weighting for the imbalanced data. SVM, KNN, and LASSO were run on standardized features.

NLR Threshold Identification and Validation

Piecewise linear regression was used on the training set to find the best cutoff (based on AIC), then
applied it to the test set. Both threshold selection and model training used the training data. We tested
the cutoff using the maxstat method with 1,000 permutations, and estimated the 95% CI with 1,000
bootstrap resamples. The SHAP plot on the test set was for visual support only, not a formal test.

SHAP Explainability Analysis

TreeExplainer was used to compute SHAP values on the test set for both the feature importance ranking
and the dependence plot. Doing it on the test set means we are looking at how the trained model
handles new patients, which is what we actually care about clinically. All analysis was in Python 3.13
with scikit-learn, XGBoost, LightGBM, and SHAP.

Comparison with Traditional Scoring Systems

We computed AUC for NLR, APACHE Ill, and SOFA separately, and compared them with DeLong tests.
Also built a logistic regression model with NLR plus APACHE Ill to assess the incremental benefit. The
LASSO model with the same 12 features was our traditional benchmark. Then performed pairwise
DelLong tests among the top three models.

Calibration and Clinical Utility
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We assessed calibration using calibration curves (10 bins) and the Hosmer-Lemeshow test, and
calculated the Brier score. Sensitivity, specificity, PPV, and NPV were calculated at both the Youden-
optimal threshold and a clinical threshold of 15% predicted probability. Decision curve analysis covered
threshold probabilities from 0% to 50%.

Sensitivity Analysis for Missing Data

MICE was used to impute missing NLR values. The imputation model included age, sex, APACHE llI,
SOFA, diabetes, heart failure, renal disease, and BMI. We imputed neutrophil and lymphocyte counts
separately (predictive mean matching, 5 nearest neighbors), then recalculated NLR as the ratio. Five
imputed datasets were generated. Results were pooled using Rubin's rules. The pooled XGBoost AUC
was 0.818 (95% CI: 0.762-0.867), similar to the complete-case result of 0.822.

Results

Baseline Characteristics

Of the 4,891 patients, 222 (4.54%) died within 10 years. Median age was 68 (IQR 59-76), 30.1% were
women, and median NLR was 3.01 (IQR 2.09-4.75). The training set had 3,423 patients (155 deaths,
4.53%) and the test set 1,468 (67 deaths, 4.56%).

3,327 patients was left out because NLR was missing. > Excluded patients were slightly younger (66.2
vs. 67.8, P < 0.001) and had lower APACHE IlI (49.8 vs. 52.3, P < 0.001), but 10-year mortality was similar
(4.31% vs. 4.54%, P = 0.45). Feature completeness ranged from 82.3% (BMI) to 99.8% (age, sex). We
median-imputed continuous variables and mode-imputed categorical ones when missingness was under
5%. BMI was missing in 17.7%, so we used a regression-based imputation with age, sex, and
comorbidities. The MICE sensitivity analysis came back nearly identical (pooled AUC 0.818 vs. 0.822).

Table 1 Baseline characteristics of included vs. excluded patients

Characteristic Included (n=4891) Excluded (n=3327) P-value
Age, mean (SD) 67.8 (12.1) 66.2 (13.0) <0.001
Female, n (%) 1648 (30.1%) 1128 (33.9%) 0.85
NLR, median (IQR) 3.01 (2.09-4.75) N/A -
APACHE Ill, mean (SD)  52.3 (20.1) 49.8 (21.5) <0.001
Diabetes, n (%) 1562 (31.9%) 1028 (30.9%) 0.34
Heart failure, n (%) 1023 (20.9%) 689 (20.7%) 0.82
10-year mortality, n (%) 222 (4.54%) 143 (4.31%) 0.45
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Table 1. Continuous variables are presented as median (interquartile range) or mean * standard
deviation, and categorical variables as number (percentage). P values were calculated using the Mann-
Whitney U test for continuous variables and the chi-square test for categorical variables. NLR, neutrophil-
to-lymphocyte ratio; BMI, body mass index; CABG, coronary artery bypass grafting; APACHE Ill, Acute
Physiology and Chronic Health Evaluation Ill; SOFA, Sequential Organ Failure Assessment.

Multi-model Performance Comparison

After tuning, XGBoost came out on top[26]: apparent AUC 0.822, optimism-corrected 0.815 (95% CI:
0.758-0.861). LightGBM (0.816) and random forest (0.811) were close behind. None of the top three
were significantly different from each other by pairwise DeLong (XGBoost vs. LightGBM: z = 0.82, P =
0.412; XGBoost vs. RF: z = 1.15, P = 0.250; LightGBM vs. RF: z =0.31, P = 0.756). We picked XGBoost
because it had the best AUC and the SHAP tools for it are mature.LASSO regression with the same 12
features had an AUC of 0.780. XGBoost improved the AUC by about 0.042 compared with this traditional
model.

Table 2 Performance comparison of machine learning models (Youden-optimal threshold)

Model Apparent Corrected Sensitivity  Specificity PPV NPV
AUC AUC

XGBoost 0.822 0.815 0.761 0.752 0.153 0.968
LightGBM 0.816 0.809 0.746 0.745 0.148 0.966
Random Forest 0.811 0.804 0.731 0.740 0.143 0.964
LASSO 0.780 0.772 0.687 0.718 0.131  0.960
Regression

SVM 0.732 0.724 0.657 0.685 0.115 0.955
KNN 0.710 0.701 0.627 0.673 0.108 0.952

Table 2. AUC, area under the receiver operating characteristic curve; PPV, positive predictive value; NPV,
negative predictive value; LASSO, least absolute shrinkage and selection operator; SVM, support vector

machine; KNN, K-nearest neighbors. The Youden-optimal threshold was determined separately for each
model based on the maximum of (sensitivity + specificity - 1).

Figure 1 shows the ROC curves of all six models. XGBoost had the best AUC LightGBM (0.816) and
random forest (0.811) were very close. These three tree-based models did better than LASSO regression
(AUC = 0.767). This means that non-linear relationships may be important for predicting long-term death.
We also found that NLR alone (AUC = 0.709) was similar to APACHE Ill (AUC = 0.732). This is interesting
because NLR is just a simple blood test, while APACHE IIl is a complex scoring system.

At the Youden cutoff, the PPV was only 15.3%. This is not surprising because the event rate was low
(4.54%). When few patients die, it is hard for any model to have a high PPV. But when we used a 15%
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predicted risk threshold, things looked better. The model found 176 high-risk patients, and 41 of them
died. This gave a PPV of 23.3% and an NPV of 95.8%. Compared with the baseline mortality of 4.54%,
this is about 5.1 times higher. In simple words, a patient in this high-risk group has about a 1 in 4 chance
of dying in 10 years, while the average patient has less than a 1 in 20 chance. This could help doctors
find patients who need closer follow-up and more care after surgery.

Comparison with Traditional Scoring Systems

We first compared NLR with traditional scoring systems. NLR had an AUC of 0.709 (95% Cl: 0.643-
0.773). APACHE Il had an AUC of 0.732 (95% CI: 0.673-0.783), and SOFA had 0.637 (95% CI: 0.557-
0.707). NLR and APACHE lll were not significantly different (DeLong z =-0.482, P = 0.630). The fact that
they performed similarly suggests that inflammation may be a key driver of long-term outcomes after
cardiac surgery[13].

When we put NLR and APACHE lIl together in a logistic regression model, the AUC went up to 0.761 (95%
Cl: 0.703-0.808). This was significantly better than APACHE Il alone (P = 0.002). Adding NLR improved
the AUC by 0.029. This number is small, but it was statistically significant.

We also checked how well the model was calibrated. Figure 2 shows the calibration curves for XGBoost,
LightGBM, and random forest. All three models were close to the perfect calibration line, especially in the
lower risk range. The Brier scores were similar across models: 0.041 for XGBoost, 0.042 for LightGBM,
and 0.041 for random forest. The Hosmer-Lemeshow test gave a chi-square of 22.02 (P = 0.005), which
suggests some miscalibration, but the Brier score was still low overall. This means the model's predicted
probabilities were generally close to what actually happened.

Finally, we used decision curve analysis to see if the model would be useful in clinical practice. The DCA
showed positive net benefit across threshold probabilities from 5% to 30%. This was better than either
treating all patients or treating none.

Figure 3 presents the decision curve analysis. This analysis evaluates whether the model provides
clinical utility by comparing its net benefit against two reference strategies: treating all patients and
treating none.The XGBoost model demonstrated positive net benefit across threshold probabilities
ranging from approximately 5% to 30%. The treat-all strategy only worked at very low thresholds, below
5%. After that, it dropped quickly.

These findings suggest that the XGBoost model has practical clinical value. By applying a threshold
within the 5% to 30% range, clinicians can identify a high-risk subgroup for closer follow-up while
avoiding excessive surveillance of low-risk patients. This range covers most clinically relevant decision
thresholds, supporting the model's potential utility in routine practice.

SHAP Explainability Analysis
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Figure 4 shows the SHAP feature importance ranking for the XGBoost model. [27] The bars represent the
mean absolute SHAP value for each feature. APACHE Ill was the most important predictor, with a mean
SHAP value of 0.371. NLR came in second at 0.291. Renal disease, BMI and SOFA followed. Age and
isolated CABG had moderate importance.The less important features included sex, diabetes, heart
failure, prior MI, and valve surgery.

Overall, the ranking shows that APACHE IIl, SOFA and NLR are the main drivers of long-term mortality
prediction after cardiac surgery. NLR ranked second, supports its potential as a simple and useful
prognostic marker.

Figure 5 shows the SHAP dependence plot for NLR. Shows how much NLR pushes that patient's
predicted mortality risk up or down.We can see that when NLR is below 6.5, the SHAP value rises quickly.
This means that each unit increase in NLR adds a lot to the predicted mortality risk in this range. But
once NLR goes above 6.5, the curve flattens out. The risk does not increase much more after that point.

The threshold at NLR = 6.5 was identified by piecewise regression on the training set. It falls right at the
point where the trend line starts to flatten.It is also worth noting that there are fewer patients with very
high NLR values (> 10).A few patients with very high NLR actually had negative SHAP values This may be
because other factors, such as active infection or immunosuppression, can make NLR harder to interpret
in individual patients.

Subgroup Analysis

We evaluated the model's performance across different patient subgroups (Figure 6). The overall AUC in
the test set was 0.822. The model performed consistently well in most subgroups, with AUC values
ranging from 0.67 to 0.86.

In patients with NLR < 6.5, the AUC was 0.84 (n = 1,250), compared with 0.69 in patients with NLR = 6.5
(n = 218). The model also performed better in patients without renal disease (AUC = 0.83, n = 1,216) than
in those with renal disease (AUC = 0.67, n = 252). Similarly, patients without heart failure had a higher
AUC (0.86, n = 1,046) compared with those with heart failure (0.70, n = 422). For diabetes status, the AUC
was 0.85 in patients without diabetes (n = 944) and 0.77 in those with diabetes (n = 524).

Regarding surgery type, the AUC was 0.85 for valve surgery (n = 504) and 0.80 for isolated CABG (n =
704). By sex, the AUC was similar between men (0.81, n = 1,057) and women (0.82, n = 411). Patients
younger than 65 years had a higher AUC (0.86, n = 580) compared with those aged 65 years or older
(0.79, n = 888).

Despite these descriptive differences, none of the interaction tests reached statistical significance. The
interaction P values were 0.588 for age, 0.208 for sex, 0.168 for diabetes, 0.386 for heart failure, 0.946
for renal disease, and 0.790 for surgery type. Therefore, the observed differences across subgroups
should be considered hypothesis-generating rather than definitive.
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SHAP Beeswarm Analysis

To further understand how each feature affects individual predictions, we generated a SHAP beeswarm
plot (Figure 7). Each dot represents one patient, and the color indicates the feature value (red for high,
blue for low). The x-axis shows the SHAP value, where positive values increase the predicted mortality
risk and negative values decrease it.

APACHE lll was the most influential feature. Patients with higher APACHE Il scores (red dots) tended to
have positive SHAP values, meaning they were predicted to have higher mortality risk. Conversely, lower
APACHE Il scores (blue dots) were associated with negative SHAP values, reducing the predicted risk.

NLR showed a similar pattern. Higher NLR values (red dots) generally pushed the predicted risk upward,
while lower NLR values (blue dots) pushed it downward. The spread of NLR dots was wider than most
other features, confirming its importance as the second strongest predictor.

Renal disease also had a clear effect. Patients with renal disease had positive SHAP values. This means
they had higher mortality risk.BMI was more complicated. Both high and low BMI were linked to higher
risk in some patients. This suggests a possible U-shaped relationship.Age worked as expected. Older
patients had positive SHAP values. Younger patients had negative values. SOFA score was similar.
Higher scores meant higher risk.Male sex was linked to slightly higher risk. Isolated CABG showed the
same pattern. Diabetes, heart failure, and prior Ml all increased risk when present. These findings match
what we already know about these conditions.Valve surgery had the smallest effect. Most of its dots
were close to zero.

Overall, the beeswarm plot provides a detailed view of how each feature contributes to individual risk
predictions. It confirms the feature importance ranking from Figure 4 and adds nuance by showing the
direction and spread of effects across the patient population.

Discussion
Main Findings

We evaluated whether preoperative NLR helps predict 10-year death after cardiac surgery, using a tuned
machine learning model and SHAP XGBoost, after tuning and bootstrap correction, hit 0.815 AUC,
comfortably beating LASSO on the same 12 features (0.780). NLR did about as well as APACHE Il on its
own (0.709 vs. 0.732, P = 0.630), and the two together bought a small but significant gain (Delta AUC =
0.029, P =0.002). Piecewise regression suggested a cutoff around 6.5, and the SHAP plot on the test set
told a similar story. At a 15% risk threshold, the model flagged a high-risk group with a 23.3% death rate,
a 5.1-fold enrichment.

Most NLR work in cardiac surgery is short-term and regression-based. Our study differs by comparing
six models with bootstrap validation, directly comparing NLR with APACHE llI, and validating the
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threshold on an independent test set.

The threshold around 6.5 might explain why the literature is all over the place on cut-points. If risk
flattens out above 6.5, then studies with different NLR distributions will land on different "best" cutoffs.
However, this plateau should be interpreted cautiously, as it may simply reflect the small number of
patients with very high NLR.NLR is cheap and already part of the pre-op blood draw [17], but we should
not oversell it. The gain over APACHE lIl is modest [18]. In practice, this model is probably an add-on, not
a replacement.

If the predicted 10-year mortality risk is above 15%, the patient has about a 25% chance of dying within
10 years. These patients may need closer follow-up [19]. However, this is a proposed framework, not a
clinical rule, and requires prospective testing before changing practice [20].

Biological Mechanism and Clinical Implications

The biological reason why NLR is a good prognostic marker is that it shows both inflammation and
immune status. A high neutrophil count means more systemic inflammation. In cardiac surgery, this may
reflect more severe oxidative stress and ischemia-reperfusion injury during cardiopulmonary bypass. On
the other hand, a low lymphocyte count suggests poor immune surveillance. When neutrophilia and
lymphopenia happen together, which is what a high NLR means, patients have both too much
inflammation and not enough immunity. This is not good for long-term recovery.

For the cardiac surgery patients, our results show that preoperative NLR can be a simple and cheap
addition to existing risk score. NLR is easy to get from a routine blood test. It needs no extra testing and
can be calculated in seconds. For patients with NLR > 6.5, doctors may think about more intensive
preoperative preparation, such as nutritional support, checking, and improving heart function. After
surgery, these high-risk patients may need closer follow-up. But we want to say that NLR should add to
existing risk scores, not replace them. The extra value of NLR over APACHE Il alone was small (AAUC =
0.029).

Comparison with Existing Studies

Most studies on NLR in cardiac surgery have looked at short-term outcomes, such as 30-day mortality,
acute kidney injury, atrial fibrillation, and length of ICU stay. [12]The NLR cutoffs reported in these studies
are quite different, ranging from 2.5 to 10.[31] This may be because different studies have different
patient populations, measurement timing, and outcomes. In contrast, our study focused on 10-year all-
cause mortality, which is a longer follow-up period and may reflect different biological processes. The
higher cutoff found in our study (NLR = 6.5) may be explained by the fact that long-term mortality is
affected by chronic inflammation, not just acute perioperative inflammation. Chronic inflammation is
also known to contribute to atherosclerosis progression, which could explain why NLR predicts mortality
over such a long period.
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Machine learning has been used more and more for risk prediction in cardiac surgery, but most models
still focus on in-hospital or 30-day outcomes[32]. Only a few studies have tried to predict long-term
mortality, and very few included inflammatory biomarkers[33]. Our study shows that a tuned XGBoost
model can achieve an AUC of 0.822 for 10-year mortality prediction, better than traditional LASSO
regression on the same features. We also used SHAP to explain the model's predictions, which helps
with the "black box" problem.

Methodological Considerations

We chose XGBoost as our main model because it works well on clinical data tables. [30]It is often better
than traditional regression because it can find non-linear relationships and interactions between
features. In our study, XGBoost had an AUC of 0.822, while LASSO regression with the same 12 features
had an AUC of 0.780. This shows that modeling non-linear effects is useful. But tree-based models are
hard to explain. To fix this, we used SHAP, which is based on game theory and can show how much each
feature contributes to each prediction. SHAP showed that NLR was the second most important predictor
after APACHE lll. It also showed the non-linear relationship between NLR and mortality, which traditional
regression would have missed.

Many studies use the Youden index from ROC or just pick an NLR cutoff by feeling. We did it differently.
We used piecewise regression with AIC optimization on the training set to find the threshold, then tested
it with the maxstat method and 1000 permutations. This data-driven way is more objective than looking
at ROC curves by eye. We also used 1000 bootstrap resamples to get the 95% confidence interval of the
threshold (5.8-7.2). The threshold was found on the training set, so it may be a little optimistic. But the
SHAP plot on the test set showed the same pattern, which supports our finding.

Limitations

Several limitations should be considered when interpreting these findings. This was a single-center study
from the U.S., so generalizability to Chinese patients is unknown. The low event rate (4.54%, EPV ~ 18:1)
explains the modest PPV [21, 22]. About 40% of patients were excluded due to missing NLR; MICE did
not change results, but selection bias cannot be ruled out. Intraoperative variables and LVEF were not
available. NLR was measured only once before surgery. Bootstrap internal validation was used, but
external validation is needed [23-25]. Threshold selection and model training shared the training set;
future work should use nested CV. The non-linear pattern is exploratory and not confirmed.

Future research should go in several directions. First, we need to test our model in other hospitals,
including Chinese hospitals, to see if it works in different patient groups. Second, studies could measure
NLR at different times (before surgery, day 1 after surgery, at discharge) to find out if changes over time
are more predictive than a single measurement. Third, intervention studies are needed to test if treating
inflammation in high-NLR patients can improve long-term outcomes. Possible treatments include better
statin therapy, nutritional support, or new anti-inflammatory drugs. Fourth, future models could include
more data, such as echocardiogram results, intraoperative variables, and maybe even text from clinical
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notes. Finally, prospective studies should test whether using NLR-based risk stratification actually leads
to better patient outcomes. That would be the best way to show if this model is useful in real clinical
practice.

Conclusions

Preoperative NLR independently predicts 10-year death after cardiac surgery, and it performs about as
well as APACHE Il on its own. The tuned XGBoost model did well overall (optimism-corrected AUC
0.815). Piecewise regression suggested a threshold near NLR = 6.5, with SHAP on the test set backing
that up. NLR could be a useful tool for long-term risk stratification, but multi-center prospective
validation is still needed before clinical application.
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Figure 1. ROC curves of six machine learning models after hyperparameter tuning.Receiver operating
characteristic (ROC) curves comparing the predictive performance of six machine learning models for
10-year mortality after cardiac surgery.
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Calibration Curves
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Figure 2. Calibration curves of the three best-performing models.Calibration curves for XGBoost, LightGBM,
and random forest. The x-axis shows the predicted probability of 10-year mortality, and the y-axis shows the
observed mortality frequency. The gray dashed line represents perfect calibration.
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Decision Curve Analysis
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Figure 3. Decision curve analysis for the three best-performing models.Decision curve analysis

evaluating the clinical net benefit of XGBoost, LightGBM, and random forest across threshold

probabilities from 0% to 30%. The "treat all" and "treat none" strategies are shown as reference lines. All

three models demonstrated positive net benefit from approximately 5% to 30% threshold probability.
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Feature Importance (XGBoost)
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Figure 4. SHAP feature importance ranking for the XGBoost model.Bar plot showing the mean absolute
SHAP value for each of the 12 features included in the XGBoost model.
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Dependence Plot: NLR vs. Mortality Risk
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Figure 5. SHAP dependence plot for NLR.Scatter plot showing the relationship between NLR values (x-
axis) and SHAP values (y-axis) for individual patients in the test set. Each blue dot represents one
patient. The red line is the smoothed trend, and the yellow dashed line marks the threshold at NLR = 6.5.
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Subgroup Analysis
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Figure 6. Subgroup analysis of model performance.Forest plot showing the AUC of the XGBoost model
across 14 clinical subgroups. The gray dashed line represents the overall AUC (0.822). Subgroups include
NLR level, renal disease, heart failure, diabetes, surgery type, sex, and age.
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SHAP Summary Plot
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Figure 7. SHAP beeswarm plot for the XGBoost model.Beeswarm plot showing the distribution of SHAP
values for each feature across all patients in the test set. Each dot represents one patient, colored by
feature value (red = high, blue = low). Positive SHAP values increase predicted mortality risk, while
negative values decrease it. Features are ordered by importance from top to bottom.
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