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The aim of this study was to evaluate the contribution of macro- and micronutrients intake to mortality in patients with gastrointestinal cancer, comparing the classical statistical approaches with a new generation algorithm. In 1992, the ONCONUT project was started with the aim of evaluating the relationship between diet and cancer development in a Southern Italian elderly population. Patients who died of specific death causes (ICD-10 from 150.0 to 159.9) were included in the study (n = 3,505) and survival analysis was applied. This cohort was used to test the performance of different techniques, namely Cox proportional-hazards model, random survival forest (RSF), Survival Support Vector Machine (SSVM), and C-index, applied to quantify the performance. Lastly, the new prediction mode, denominated Shapley Additive Explanation (SHAP), was adopted. RSF had the best performance (0.7653711 and 0.7725246, for macro- and micronutrients, respectively), while SSVM had the worst C-index (0.5667753 and 0.545222). SHAP was helpful to understand the role of single patient features on mortality. Using SHAP together with RSF and classical CPH was most helpful, and shows promise for future clinical applications.
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Introduction

Cancer is one of the deadliest diseases in the world. Biologically, it includes a collection of diseases in which the cells of the body start dividing uncontrollably without stopping. Normally, human cells grow and duplicate according to physiological needs and their number is controlled by the apoptotic process. In pathological conditions such as cancer, however, cells grow abnormally, old and damaged cells are not eliminated, and new cells duplicate uncontrollably. Malignant tumors invade surrounding tissues and compete with normal cells for nutrients. Additionally, these types of tumors can metastasize to new sites, often distant from the primary tumor site, through the blood or lymphatic system (1, 2). According to the American Cancer Society annual report, 1,918,030 new cases of cancer were recorded in 2022 resulting in 609,360 deaths (3). The most common site of cancer development is the digestive system, and 343,040 new cases were discovered in that same year. The 5-year survival rate for all cancers has grown dramatically since the early 1960s, reaching nearly double, from 39 to 70% among white individuals and triple, from 27 to 63% among black patients. In particular, for gastrointestinal tumors, interest is now focused not only on the tumor growth rate but also on the cellular microenvironment, which is responsible for tumor initiation, progression and metastasis (4, 5). One of the many causes of this dysregulation is certainly an incorrect diet (Figure 1), lifestyle, and genetic background (6) which leads to an ever increasing rate of obesity and continues to remain the “elephant in the room” (7, 8).


[image: image]

FIGURE 1
Component of diet.


Dietary intakes of macro- and micronutrients have been implicated in the etiology of chronic disease as gastrointestinal cancer (9, 10). Several studies have shown that high dietary intakes of macronutrients (as fat, protein and carbohydrate) may have a positive association with the risk of developing of cancer (11). Additionally, fruits and vegetables as sources of dietary fiber, folate, vitamin C, and a lot of phenols, and flavonoids could protect, because are involved on trapping free radicals and reactive oxygen molecules at the cellular level [induced lipid peroxidation has been implicated in malignant transformation (12)], thus acting as a protective mechanism against the oxidative damage during digestion process (13, 14). However, micronutrients with a significantly reduced intake also are involved in other kind of cancer, as the breast cancer risk in obese women (15).

The obesity, which is a slow and progressive condition, is mainly based on an ever increasing fatty acid intake vs. low amounts of fiber, vitamins and minerals, widely present in fruit and vegetables (16, 17). For example nuts contain magnesium, unsaturated fatty acids, potassium, fiber, and vitamin E (18), while dairy products and eggs (19) contain a well-balanced composition of micronutrients that could help for the prevention of hypertension (20). However, also consumption of particular type of vegetable food as N. sativa could reduce oxidative stress and inflammation with various mechanisms including a reduction of lipid peroxidation via its antioxidant properties; agonist of PPAR-γ in adipose tissue; activation of AMPK, increased antioxidants inhibition of NF-κB pathway (21, 22).

The obesity rate associated with the development of gastrointestinal cancer (GC) is estimated to rise by about 18% overall by 2025, affecting 18% of men and 21% of women. Studies have shown that weight disorders such as overweight and obesity are usually associated also with sleep problems, and some studies have shown that adherence to DASH diet has helped to correct this trend (23). Furthermore, these disorders could be associated with the Non-alcoholic Fatty Liver Disease (NAFLD) dyslipidemia, and insulin resistance (24).

One of the many opportunities available to study this increase, as well as the classical clinical approaches, is to apply machine learning (ML) as a basis on which to predict cancer survival. A huge amount of research has been conducted across a wide range of statistical approaches. Classical survival analysis is a well-established methodology for estimating a patient’s probability of survival. Although this is now validated, research is also focused on identifying new methods for prediction and calculating their accuracy. In this work we aim to evaluate survival of GC patients using the classical statistical method, Cox Proportional Hazards (CPH) and compare it with new generation algorithms such as Random Survival Forest (RSF), and Survival Support Vector Machine (SSVM), together with a new approach to quantify the power of parameters’ prediction on GC, denominated Shapley Additive Explanation (SHAP) (Table 1).


TABLE 1    General view of machine learning techniques.
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The use of ML approaches proved to enhance the classical statistical methods, improving cancer diagnosis, prognosis, detection and prediction (25), thus providing researchers with powerful tools. The use of classical approaches, ML methods and SHAP is helpful to solve the problem of the ML algorithm, because it is based on the “black-box” concept (26).


Models


Cox proportional hazard

Survival analysis is an integral part of inferential statistics, in which a time variable describes when an event will occur (27). In fact, if we consider studies recruiting patients, it must be possible to describe each of them based on two values, the duration of the condition (t) and the status (alive/event). The time between the initial moment and the terminal event (not necessarily death) is represented by a random variable T (T ≥ 0), defined as the “survival time.” Mathematically, survival analysis is linked to conditional probability, that represents whether a patient will survive after a certain time t from his entry into the study, and is therefore conditioned by the fact that the patient survived the previous days. Thus, we also define survival analysis as cumulative probability or cumulative survival. Supposing that this random variable T confers a certain probability of surviving, we define F(t) as the probability function with a certain density. This distribution function of T is of the type:
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This represents the probability that the survival time will be less than the value of t. The survival function S(t) is defined as the probability that the survival time will be greater than or equal to t, according to this following complementary equation with distribution function:
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The survival function can be used to represent the probability that an individual will survive beyond the initial time for a certain time t. Survival analysis methods are classified as non-parametric, semi-parametric and parametric, based on the assumptions made on the distribution of T.

The CPH model is a form of multivariate survival analysis that can control other factors. The dependent variable is time to event (or survival time), which can be death or a clinical event (e.g., myocardial infarction) and is generally used to study the association between survival time and potential predictor variables (28). Specifically, the goal of this model is to evaluate the effect of multiple factors on survival, as well as to examine the occurrence rate of a given event at a particular moment of time. This rate is also called the “Hazard.” The predictor variables are called covariates. The Cox model is defined with the Hazard function which can be defined as follows:
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where t represents the survival time, while h0 is the basis of the hazard, exp (b1) is the Hazard Ratio. In this way, values equal to 1 can be taken to mean the absence of risk, values > 1 an increased risk, while when < 1 the protection from the risk itself. The applicability of this model must be preceded by an analysis to demonstrate the assumption of proportionality, or to demonstrate what effect each covariate has on the constant hazard function for each time. When this assumption is not proven, then a stratified Cox model should be employed. Generally this condition is rarely unproven, so the Cox model is widely used. It can also be shown graphically by means of a graph of the Schoenfeld residuals, which must be non-random to demonstrate the proportionality of the previously fitted model (29). As in the case of the regression model, the Cox model can also be performed “net” of certain covariates, in order to purify the effect of the association under study.



Survival random forest

Random Survival Forest is an adaptation of classical Random Forest (RF) because it includes survival parameters such as status and time. In general, these techniques are classified as an ensemble tree method, i.e., based on classification trees.

An RSF is computed by an ensemble of binary decision trees which can be used to select the most important variables linked with time to event in terms of mortality. Bootstrapping and random node splitting are applied to obtain an ensemble of independent decision trees.

Variable predictiveness can be assessed using variable importance measures for both single and grouped variables.

In a selection process the error rate is approximated by the Out-Of-Bag error (OOB) during the training process. In each tree of the random forest, the OOB error is calculated based on predictions of observations (30).

The variable selection is implemented using the minimal depth of a respective variable, determined in each decision tree of a RSF as the distance from the root node to the closest node (31).



Survival support vector machines

The SSVM methodology was developed by Cortes and Vapnik (31) and Kiang et al. (32). These models are based on discriminating two classes of observations by a linear decision surface (defined as the hyperplane) maximizing the distance between the hyperplane and single observations. If the classes are not separable by a linear surface, a non-linear transformation can be obtained through mapping the data on a different dimension space (feature space). By using a kernel function, it is possible to construct the separating hyperplane without explicitly carrying the map into feature space (33).

These models are a powerful tool to analyze this type of data because of their performance in analyzing sparse data, i.e., data with many or more predictors than observations. SSVMs have been widely applied to analyze binary outcomes or for datasets with a survival outcome.



Shapley Additive Explanations (SHAP)

This was proposed for the first time by Molan (34). It is a particular type of model based on tree features importance, but with greater accuracy and consistency properties. A Sharpley value is defined as the average marginal contribution of feature values across all possible feature coalitions. Each value can be interpreted as the difference between the actual prediction and the average prediction on the whole dataset (35).

In general, the SHAP values test each combination of predictors to assess the effect of each single predictor, based on the game theory and conditional assumptions (36).



Concordance index

This index measures how well models predict time to death of patients. It is easy to interpret because a value of c = 0.5 represents the average performance, i.e., no predictive discrimination, while a model with c > 0.5, predicts well and shows a good capability to distinguish patients with events, whereas c < 0.5 is defined as the worst model (37).





Materials and methods


Ethical considerations

The studies were conducted in accordance with the principles of the Declaration of Helsinki and approved by the local Ethics Committee. All enrolled subjects provided written informed consent.



Participants

In 1992, the ONCONUT prospective cohort was started with the goal of evaluating the relationship between diet and cancer development in a Southern Italian elderly population (n = 35,000). The study was sponsored by the Italian National Institute of Health and carried out by the Epidemiology and Biostatistics Laboratory of the National Institute of Gastroenterology “Saverio De Bellis,” Research Hospital, Castellana Grotte (Bari), Italy. From April 1992 to July 1993, patients referred to the Clinical Pathology Laboratories of the three Unità Sanitaria Locale (USL) Bari 16 areas (Municipalities of Monopoli and Polignano a Mare (Bari), Italy), BA 17 (Municipalities of Gioia del Colle and Santeramo in Colle (Bari), Italy) and Bari 18 (Municipalities of Castellana Grotte, Turi, Putignano, Noci, Alberobello and Locorotondo (Bari), Italy) were estimated to amount to 11,622, but only 5,632 subjects (48.46%) (ONCONUT 1) completed about 90% of the semi-quantitative food frequency questionnaire (FFQ). After 5 years, 4,563 patients returned to the Clinical Pathology Laboratories, and compose the ONCONUT 2. After excluding cases other than those with gastrointestinal disease (other types of cancers), 3,505 (76.81%) presented complete data for survival analysis.

The survival rate with GC (ICD-10, codes from 150.0 to 159.9) during these years 1992–1993 (ONCONUT 1) was considered as the main outcome. Food conversion into nutrients (macro- and micronutrients) and calories was performed using the Italian National Institute of Nutrition Food Composition. Tables were integrated with data from Fidanza (38), using a validated semi-quantitative FFQ administered to participants. The glycemic index (GI) derived from each food (39) was calculated using tables and the glycemic load (GL), as suggested by Foster-Powell et al. (40). The present investigation was conducted following the “Standards for Reporting Diagnostic Accuracy Studies” (STARD) guidelines, and the manuscript was organized following the “Strengthening the Reporting of Observational Studies in Epidemiology—Nutritional Epidemiology” (STROBE-nut) guidelines (41).



Statistical analysis

Patients characteristics are reported as Mean ± Standard Deviation (M ± SD) for continuous variables, and as frequencies and percentages (%) for categorical variables.

To test the associations between groups (Dead vs Alive), Chi-square test or Fisher’s exact test for categorical variables were applied, as necessary, while the Wilcoxon rank sum (Mann-Whitney) test was applied for continuous variables.

For studying the risk on mortality, the Cox model was used. The CPH model was fitted to the data, and the proportional hazard assumption was evaluated by means of Schoenfeld residuals (SRT).

We randomly split the data into the training and testing subgroups for CPH, RSF and SSVM.

The training data included 75% of the sample (n = 2,629) while the remaining data, the test data, accounting for 25% (n = 876), were used to test the model.

To ensure repeatability in terms of estimation, the same seed was used.

After running these models the C-Index was used to evaluate the performance of the model on the test subset. Finally, to compare differences between C-Index values from the models values, paired Student’s t-test was used.

When testing the null hypothesis of no association, the probability level of error, at two-tailed, was 0.05. All statistical computations were made using StataCorp. (42) and RStudio software (“Prairie Trillium” Release).




Results

We randomly subdivided patients and allocated 75% to the training set, and the remaining 25% to the test set.

The demographic and food habits are reported in Table 2 for the total cohort. Mean age was 65.01 ± 8.76 years and 38.26% of patients were male.


TABLE 2    Baseline characteristics of patients and macro- and micronutrients intake.
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Table 3 shows the difference between alive and dead GC patients. Patients who were older, male, separated, divorced or widower, and with lower education levels were more represented than the others, likewise patients with diabetes and myocardial infarction (p < 0.001 respectively). Lower intakes of both macro- and micronutrients were confirmed in dead patients, where all comparisons resulted statistically significant (p < 0.05).


TABLE 3    Comparison between patients with and without mortality event in the total cohort.

[image: Table 3]

Figures 2, 3 describe the traditional Cox model adjusted for age and gender in the training set. For macronutrients (Figure 2) only alcohol intake was associated with risk of mortality, with a low protective role (HR = 0.99, p = 0.008, 0.98–1.0, 95% C.I.), while for micronutrients intake (Figure 3) iron intake had a protective role against mortality (HR = 0.88, p = 0.002, 0.81–0.95, 95% C.I.).
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FIGURE 2
Multivariate Cox regression for macronutrients intake in training set.
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FIGURE 3
Multivariate Cox regression for micronutrients intake in training set.


Figures 4, 5 describe the importance plot for the RSF for the training set; in both models (Figures 4, 5), alcohol and iron intake, as also the Cox model, had the most important values, contributing to the good prediction of mortality. To identify the features that influenced the prediction, the SHAP summary plot was used (Figures 6, 7). Each point corresponds to a single patient in the testing set. The position on the x-axis, i.e., SHAP value, was the impact of the variable on the model output. Statistically, this represents the logarithm of the mortality risk. Patients with higher SHAP values had a higher risk of death, while lower SHAP values had lower risk. For macro- and micronutrients (Figures 6, 7, respectively) except the time and age variables, all patients had SHAP value near to 0, except for fatty acids (for macronutrients) and Sodium intake (for micronutrients), when more patients had higher SHAP values.
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FIGURE 4
Importance values for macronutrients in training set.
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FIGURE 5
Importance values for micronutrients in training set.
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FIGURE 6
Shapley Additive Explanation summary plot for macronutrients in training set.
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FIGURE 7
Shapley Additive Explanation summary plot for micronutrients in training set.


Figures 8, 9 depict the quantification of the C-Index in the graph bar. Among macro- and micronutrients CPH and RSF had similar values (0.7649284 and 0.7653711, 0.764206 and 0.7725246, respectively), but the values for SSVM were statistically different for each statistical technique (0.5667753 and 0.545222, respectively, p < 0.0001).
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FIGURE 8
Index in the different models for macronutrients in test set. ***p-value significant. Other comparisons were not significant with p-value > 0.05.
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FIGURE 9
Index in the different models for micronutrients in test set. ***p-value significant. Other comparisons were not significant with p-value > 0.05.




Discussion

In this study we enhanced predictive performances using different survival statistical techniques in an elderly cohort.

Alcohol consumption had a protective role on mortality in our cohort, unlike in the literature (43), probably due to wine consumption rather than spirits. Red wine is a source of polyphenols, such as resveratrol and anthocyanin, with demonstrated antioxidant properties and protective role against cardiovascular diseases (44–46).

In the same way, iron, like alcohol, had a protective role and a high impact on mortality both in the CPH model and RSF (47). Among these methods, RSF demonstrated the best performance followed by CPH, as reported in the literature (48) while the SVM showed the worst performance because generally used for a wide array of applications for its high potential in data transformation and geometric structure (49, 50). The results reveal a promising ML potential for predicting mortality risk in clinical practice. SHAP values on the summary plot were an interesting way to illustrate key features and a good method for describing the power of prediction of outcome. RSF followed by CPH are known to be the best for predicting mortality, while the use of SHAP is still rarely used. The power of SHAP was to allow a description of the single patients variability and also of how individual patients were distributed in terms of SHAP values. The advantage of using SHAP was to overcome the problem of interpreting the classical ML techniques, widely described in the literature regarding the prediction of macro- and micronutrients, and to couple it with other techniques to improve the prediction (51).

The main limitation of this study is the use of an elderly cohort. Mathematically, the use of larger cohorts will surely lead to different results and therefore external validation could be necessary.

Our report can be seen as a first step toward evaluating personalized nutrition in an elderly cohort, and studying the relationship between macro- and micronutrients intake and mortality with different approaches.

Understanding eating habits and therefore the correct intake of macro and micronutrients will be useful for improving the lifestyle of people with obesity who also suffer from other disabling pathologies (18, 24).

This suggests that combining different techniques could be useful in order to personalize the ideal dietary intake. Furthermore, a future follow-up project will be to use these tools to predict changes in food habits in the Southern Italian population. The promise of using ML tools to achieve nutritional phenotyping needs to be explored further in order to set up standard paradigms based on different epidemiological parameters.

Precision nutrition directly addresses metabolic heterogeneity and may serve as a treatment for obesity and other metabolic diseases. Future interventions should examine ways to increase dietary self-monitoring adherence and intervention exposure and consider the development and testing of a specific predictive algorithm (52).



Conclusion

The results of this study demonstrate that both the CPH and RSV methods performed well, but the combination with SHAP was best. It is difficult to draw conclusions about preferring one model over the other based on this study and the others in the literature, because each model had advantages and disadvantages. In clinical practice none of the mathematical models described could replace another, but all should be used together to make future decisions. In the last years, Artificial intelligence offers major opportunities to improve public health management.
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Alive (n = 2,847) Died (n = 658)
Age (years) 63.49 + 8.05 71.57 £ 8.67 <0.0001
Gender (M) (%) 1,001 (35.16) 340 (51.67) <0.0017
Educational level (%) 0.01"
None 744 (26.32) 212 (32.52)
Primary school diploma 1,676 (59.29) 369 (56.60)
Middle school diploma 274 (9.69) 50 (7.67)
Diploma 111 (3.93) 16 (2.45)
University degree 22 (0.78) 5(0.77)
Smoking habit (yes) (%) 310 (11.03) 67 (10.34) 0.61"
Marital status (%) <0.001"
Single 137 (4.91) 31 (4.87)
Married or cohabiting 2,192 (78.57) 430 (67.50)
Separated or divorced 26 (0.93) 6(0.94)
Widower 435 (15.59) 170 (26.69)
BMI (kg/cm?) 26.65 4 4.29 26.02 £4.17 0.002
Glycemic index 56.21 +4.63 55.90 +4.83 0.18
Glycemic load 138.06 £+ 71.80 126.17 £ 69.80 <0.0001
Diabetes (yes) (%) 563 (20.83) 203 (32.32) <0.0017
Myocardial infarction (yes) (%) 120 (4.54) 75 (12.20) <0.001"
Macronutrients¥
Water (g) 1806.86 £ 725.56 1721.02 £ 752.93 0.0002
Proteins (g) 69.98 £ 30.08 65.00 & 26.47 0.0001
Lipids (g) 77.07 £ 28.10 72.56 & 26.97 <0.0001
Available carbohydrates (g) 254.54 + 121.36 235.10 4 118.49 <0.0001
Fatty acids (g) 133.68 £ 74.60 123.24 £ 71.96 0.0004
Soluble carbohydrates (g) 103.25 + 63.80 95.86 + 63.87 0.0002
Total fiber (g) 26.63 £ 13.80 24.76 &£ 14.15 <0.0001
Saturated fatty acids (g) 20.62 £ 9.46 19.26 £8.24 0.0005
Monounsaturated fatty acids (g) 40.84 £ 14.92 39.14 £ 15.63 0.0006
Polyunsaturated fatty acids (g) 8.41+3.22 7.88 £3.15 <0.0001
Cholesterol (mg) 186.21 £ 107.93 172.04 £ 94.55 0.007
Alcohol (mg) 15.55 4+ 19.80 14.79 £ 19.55 0.26
Micronutrients?
Sodium (mg) 1480.34 £ 842.00 1320.69 £ 805.72 <0.0001
Potassium (mg) 3378.20 + 1644.73 3123.04 £ 1702.33 <0.0001
Iron (mg) 11.35+4.88 10.51 £ 5.05 <0.0001
Calcium (mg) 860.72 £ 472.95 810.57 = 450.34 0.003
Phosphorus (mg) 1157.39 £ 487.70 1089.20 £ 462.54 0.0004
Thiamin (mg) 0.80 £0.35 0.73 £0.34 <0.0001
Riboflavin (mg) 1.42 £0.62 1.35+0.59 0.002
Vitamin A (pg) 1150.60 £ 914.78 1127.83 £ 1055.71 0.003
Vitamin C (mg) 173.76 £ 121.13 157.66 + 128.47 <0.0001

*As mean and standard deviation (M 4

BMI, body mass index.

$ Wilcoxon rank-sum test (Mann-Whitney), * Chi-square or Fisher’s test, where necessary.
¥ Calculated on quantity of daily consumption.

k SD) for continuous variables and percentage (%) for categorical variables.
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Educational level (%)
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Primary school diploma 2,045 (58.78)
Middle school diploma 324(9.31)
Diploma 127 (3.65)
University degree 27(0.78)
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Single 168 (4.90)
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Separated or divorced 32(0.93)
Widower 605 (17.65)
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Glycemic index 56.15 £ 4.67
Glycemic load 135.83 £ 71.57
Diabetes (yes) (%) 766 (23.00)
Myocardial infarction (yes) (%) 195 (5.99)
Macronutrients?¥
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Available carbohydrates (g)

250.89 & 121.05

Fatty acids (g) 131.72 £ 74.22
Soluble carbohydrates (g) 101.86 £ 63.87
Total fiber (g) 26.28 = 13.89
Saturated fatty acids (g) 20.36 £9.25
Monounsaturated fatty acids (g) 40.52 £ 15.07
Polyunsaturated fatty acids (g) 831,321

Cholesterol (mg) 183.55 + 105.68
Alcohol (mg) 15.41 £19.76
MicronutrientsV

Sodium (mg) 1450.37 & 837.52

Potassium (mg)

3330.30 & 1658.44

Iron (mg) 11.19 £ 4.92
Calcium (mg) 851.19 4 469.13
Phosphorus (mg) 1144.59 + 483.75
Thiamin (mg) 0.78 £ 0.35
Riboflavin (mg) 1.41 £+ 0.62
Vitamin A (jLg) 1146.33 £ 942.73
Vitamin C (mg) 170.74 + 122.68

ONCONUT study (n = 3,505), total cohort. *As mean and standard deviation (M =+ SD) for

continuous variables and percentage (%) for categorical variables.

BMI, body mass index.

¥ Calculated on quantity of daily consumption.
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