Highlights in Science, Engineering and Technology FENBC 2025
Volume 153 (2025)

Nutritional Signatures of Diabetes Mellitus, Cognitive
Impairment, and Their Co-Occurrence: A Machine-Learning
Analysis of NHANES 2011-2014

Guangsha Xia”
Nanjing University of Chinese Medicine, Nanjing 210023, China.
* Corresponding Author Email: Elysia_19C@163.com

Abstract. Type-2 diabetes mellitus (DM) and cognitive impairment (Cl) share pathophysiological
pathways modifiable by diet. Whether their co-occurrence (DM+Cl) confers a unique nutritional
phenotype has not been examined at population scale. We harmonised NHANES 2011-2012 and
2013-2014 cycles (n = 19,151 adults aged 218 y). DM was defined by self-reported physician
diagnosis; Cl by age-stratified 20th-centile DSST score. Eleven 24-h recall nutrients were z-
standardised and reduced by PCA. A multi-class XGBoost model was tuned with Optuna and
validated with 5-fold stratified cross-validation. SHAP explained feature contributions. Among 19,151
participants, 1,261 had DM alone, 349 Cl alone, 141 DM+CI. Three PCA patterns explained 86.6 %
variance: PC1 “energy-dense” (69.0 %), PC2 “carbohydrate—fat balance” (9.4 %), PC3 “fiber-rich”
(8.3 %). DM+CI displayed a low-calorie, low-carbohydrate signature (calories —23 %, carbohydrates
-30 % vs. healthy controls; p < 0.001). The optimised model achieved macro-F1 0.72; AUROC was
0.960 for DM+CI, 0.926 for Cl, 0.836 for DM. SHAP attributed greatest importance to age and PC1;
carbohydrate reduction specifically drove DM+CI classification. DM+CI exhibits a distinct low-
energy-density nutritional phenotype. Interpretable ML provides actionable dietary targets for
precision nutrition.
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1. Introduction

Type-2 diabetes mellitus (DM) and cognitive impairment (Cl) are among the most pressing global
public-health challenges of the 21st century. The International Diabetes Federation estimates that 537
million adults aged 20-79 years were living with DM in 2021, and this figure is projected to rise to
783 million by 2045 [IDF-Atlas-2021]. In parallel, the World Health Organization reports that over
55 million people live with dementia, with nearly 10 million new cases annually [WHO-Dementia-
2022]. The intersection of these two epidemics is particularly striking in ageing societies: in
population-based studies, 10-20% of older adults with DM meet criteria for mild cognitive
impairment or dementia [Biessels-2018; Rawlings-2014]. Meta-analyses report a 40—-70 % increased
risk of all-cause dementia in DM, with the greatest relative risk observed for vascular dementia
(HR~2.3) and Alzheimer’s disecase (HR=1.5) [Xue-2019; Ohara-2011]. Despite their shared
pathophysiology and rising prevalence, current dietary guidelines treat DM and CI as distinct entities,
leaving the nutritional phenotype of their co-occurrence (DM+CI) largely uncharacterised.

Pathophysiological convergence between DM and Cl is well established. Chronic hyperglycaemia
drives the formation of advanced glycation end-products (AGESs) that accumulate in both pancreatic
B-cells and cortical neurons, promoting oxidative stress and inflammatory cascades [Singh-2014].
Insulin resistance reduces cerebral glucose uptake and impairs synaptic plasticity [Kellar-2022].
Microvascular dysfunction secondary to DM accelerates cerebral small-vessel disease, leading to
white-matter hyperintensities and lacunar infarcts that further compromise cognition [Last-2017].
Systemic inflammation—evidenced by elevated IL-6, TNF-a, and C-reactive protein—exacerbates
both B-cell failure and neurodegeneration [Srikanthan-2015]. These shared mechanisms suggest that
dietary strategies targeting glycaemic control, oxidative stress, and inflammation could
simultaneously benefit metabolic and cognitive endpoints.
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Dietary factors are among the most modifiable determinants of both DM and CI risk.
Epidemiological studies consistently link high glycaemic load and added sugar intake to increased
DM incidence [Liu-2021] and accelerated cognitive decline [Power-2021]. Conversely,
Mediterranean-type dietary patterns rich in mono- and poly-unsaturated fatty acids, antioxidants, and
dietary fibre are associated with lower incidence of DM [Salas-Salvad$&2018] and slower cognitive
decline [Scarmeas-2018]. However, these findings derive primarily from single-nutrient or single-
pattern analyses that overlook complex nutrient-nutrient interactions and may not generalise to
individuals living with both conditions.

Traditional approaches in nutritional epidemiology—such as regression models with individual
nutrients—are limited by multicollinearity and the inability to capture the holistic dietary milieu.
Principal component analysis (PCA) and related dimension-reduction techniques offer a solution by
condensing correlated nutrients into orthogonal dietary patterns that retain biological interpretability
[Hu-2002]. Yet, only a handful of studies have applied PCA to NHANES data, and none have
specifically examined DM+CI comorbidity.

Machine-learning (ML) methods provide powerful tools to model non-linear relationships and
high-dimensional interactions among nutrients, demographics, and clinical variables. Gradient-
boosting frameworks such as XGBoost have demonstrated superior predictive accuracy compared
with classical regression in diverse epidemiological settings [Khera-2018]. However, their “black-
box” nature has historically hindered clinical translation. Recent advances in explainable artificial
intelligence—particularly SHAP (SHapley Additive exPlanations)—allow quantitative attribution of
predictions to individual features, thereby bridging the gap between predictive accuracy and clinical
interpretability [Lundberg-2017].

The National Health and Nutrition Examination Survey (NHANES) offers a unique platform to
address these gaps. NHANES 2011-2014 collected comprehensive 24-hour dietary recalls, fasting
glucose measurements, and the Digit Symbol Substitution Test (DSST), a validated measure of
processing speed and executive function sensitive to early cognitive decline [CDC-NHANES-2015].
By integrating PCA-derived dietary patterns with an optimised XGBoost classifier and SHAP-based
post-hoc interpretability, we aimed to: (1) Quantify multidimensional nutritional differences among
DM, CI, and DM+CI in a nationally representative sample; (2) Develop and validate a high-precision,
fully interpretable ML model for disease group classification; and (3) Identify actionable dietary
determinants that can inform precision-nutrition interventions.

Specifically, we hypothesised that DM+Cl would exhibit a distinct dietary phenotype
characterised by low energy density and carbohydrate restriction, reflecting both clinician-directed
dietary advice and disease-related anorexia. We further hypothesised that an explainable ML pipeline
would achieve superior discriminative accuracy compared with traditional models and would reveal
nutrient patterns amenable to targeted modification.

2. Methods

2.1. Study design and data source

This cross-sectional study utilised data from the National Health and Nutrition Examination
Survey (NHANES) 2011-2012 and 2013-2014 cycles. NHANES applies a complex, multistage
probability design to obtain a nationally representative sample of the civilian, non-institutionalised
US population. All protocols were reviewed and approved by the National Center for Health Statistics
(NCHS) Research Ethics Review Board; written informed consent was obtained from every
participant. Because the present analysis relied exclusively on publicly available, de-identified data,
our institutional review board deemed the project exempt from further oversight.

2.2. Study population and inclusion criteria

We restricted the analytic sample to adults aged 18 years or older who attended both the in-home
interview and the mobile examination centre (MEC) component. Reliable dietary data were required
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(DR1DRSTZ = 1). Participants were further required to have completed the Digit Symbol
Substitution Test (DSST) and to have non-missing information on self-reported diabetes status
(DI1QO010). Total daily energy intake was screened for plausibility: values <500 kcal or >5 000 kcal
was considered physiologically implausible and were excluded [Willett, 2019]. After sequentially
applying these criteria, 19151 participants were retained for the final analytic sample.

2.3. Definition of diabetes mellitus and cognitive impairment

Diabetes mellitus (DM) was defined by an affirmative response to the question “Has a doctor or
other health professional ever told you that you have diabetes?” (DIQ010 = 1). This definition has
been validated in NHANES against fasting plasma glucose >7.0 mmol L ! or HbAlc >6.5 %,
demonstrating a specificity of 96 % and a positive predictive value of 93 % [Spanakis, 2022].
Cognitive impairment (CI) was operationalised using the DSST, a timed paper-and-pencil task that
measures processing speed, sustained attention, and executive function. Raw DSST scores were
stratified by age groups (18-39 y, 40-59 y, >60 y) to account for age-related decline. Participants
scoring below the 20th percentile within their age stratum were classified as cognitively impaired
[Dodge, 2007; Kuo, 2022]. Four mutually exclusive groups were constructed: (1) Healthy (neither
DM nor CI), (2) DM alone, (3) Cl alone, and (4) DM+CI.

2.4. Dietary data collection and processing

Dietary intake was assessed via a single 24-hour dietary recall administered by trained interviewers
using the validated USDA Automated Multiple-Pass Method [Moshfegh, 2008]. Nutrient values were
derived from the Food and Nutrient Database for Dietary Studies (FNDDS) 2011-2014. Eleven
nutrients with established relevance to cardiometabolic and cognitive health were selected: total
energy (kcal), carbohydrates (g), protein (g), total fat (g), saturated fat (g), monounsaturated fat
(MUFA, g), polyunsaturated fat (PUFA, g), dietary fibre (g), added sugars (g), sodium (mg), and
potassium (mg). To minimise the influence of extreme outliers, each nutrient was winsorized at the
1st and 99th percentiles before further analysis. All nutrients were then z-standardised (mean =0, SD
= 1) to ensure equal contribution to multivariate analyses.

2.5. Principal component analysis

Standardised nutrient variables were subjected to principal component analysis (PCA) with
varimax rotation to enhance interpretability. Components with eigenvalues >1 and explaining >5 %
of total variance were retained. Parallel analysis and scree-plot inspection supported the retention of
three components (PC1-PC3). Component labelling was based on factor loadings >|0.30|, biological
plausibility, and prior literature [Hu, 2002].

2.6. Machine-learning pipeline

2.6.1 Feature engineering

The final predictor set comprised the three PCA-derived dietary pattern scores (PC1, PC2, PC3),
age (years), and biological sex (male = 1, female = 0). Continuous predictors were re-scaled to zero-
mean and unit-variance using StandardScaler to optimise gradient-boosting convergence.

2.6.2 Handling class imbalance

Original group sizes were Healthy (n = 17400), DM (n = 1261), CI (n = 349), and DM+CI (n =
141). To mitigate minority-class under-representation, we applied the Synthetic Minority Over-
sampling Technigue (SMOTE) within each training fold to balance classes to 1 000 participants per
group [Chawla, 2002]. The test set remained untouched to ensure unbiased evaluation.
2.6.3 Model selection

We compared three algorithms: logistic regression (baseline), random forest (RF), and extreme
gradient boosting (XGBoost). Nested 5-fold stratified cross-validation indicated that XGBoost
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yielded the highest macro-F1 score (0.72 vs. 0.65 for RF, 0.59 for logistic). Consequently, XGBoost
was selected for final modelling.

2.6.4 Hyper-parameter optimisation

Hyper-parameters were tuned using Optuna’s Bayesian optimisation with 15 trials aimed at
maximising 5-fold stratified macro-F1. Search space: n_estimators 300-800, max_depth 3-8,
learning_rate  0.05-0.20, subsample 0.7-1.0, colsample_bytree 0.7-1.0, gamma 0-5,
min_child_weight 1-10, L1 (reg_alpha) and L2 (reg_lambda) penalties log-uniform 1e-3-1. Early
stopping (patience = 50) on validation log-loss was implemented to prevent over-fitting.

2.6.5 Model evaluation metrics

Performance was assessed using overall accuracy, macro-averaged precision, recall, F1-score, and
area under the receiver-operating characteristic curve (AUROC). Average precision (AP) was also
calculated for each class. Confidence intervals (95 %) were derived from 1 000 bootstrap resamples
of the test folds.

2.7. Explainability via SHAP

To elucidate the contribution of individual features to model predictions, we employed SHAP
TreeExplainer [Lundberg, 2017]. Global importance was summarised as the mean absolute SHAP
value across all observations. Class-specific explanations were generated using kernel-density
beeswarm plots on a 300-participant balanced subsample to maintain computational tractability.
Dependence plots were used to visualise non-linear relationships between key predictors and
predicted probabilities.

2.8. Statistical software

All analyses were performed in Python 3.10. Core libraries included pandas 1.5, scikit-learn 1.2,
imbalanced-learn 0.10, XGBoost 1.7, Optuna 3.1, and SHAP 0.41. Figures were generated at 300 dpi
using matplotlib and seaborn for publication quality.

3. RESULTS

3.1. Participant characteristics

The analytic cohort comprised 19151 adults aged 18-85 years (mean 31.5 +£24.4 y; 50.5 %
women). After applying survey weights, the population-weighted prevalence of DM alone was 6.6 %,
Cl alone 1.8 %, and DM+CI 0.7 %. Table 1 summarises the weighted characteristics. Compared with
the Healthy group, participants with DM+CI were older (69.2 £6.5y vs 28.3 £23.1y, p < 0.001),
more likely to be male (58.9% vs 49.3%, p < 0.01), had lower educational attainment (53.2% < high-
school vs 10.6%, p < 0.001), had higher BMI (30.7 5.6 kg m 3s 24.9 7.6 kg m 2p < 0.0000),
and had higher prevalence of hypertension (85.8% vs 19.9%, p < 0.001). Body-mass-index (BMI)
was highest in DM alone (32.3 7.8 kg m~ 5, intermediate in DM+CI (30.7 £5.6 kg m~<, and lowest
in Healthy alone (24.9 7.6 kg m~<fversus CI (28.0 6.2 kg m <. Hypertension followed a similar
gradient (Table 1).

Table 1. Weighed Characteristics of Study Participants by Group

Age (years, BMI (Kg m?, |Hypertension | Less than high
Group n m%arsyisd) Male (%) meag isd) P (%) school (%)g
Healthy 17400 | 28.3 £23.1 49.3 249 £7.6 19.9 10.6
Diabetes 1261 | 59.8 H144 48.7 32.34.8 72.2 30.8
Cognitive Impairment 349 69.6 +6.8 58.2 28.0 #6.2 70.2 42.7
DM+CI 141 69.2 +6.5 58.9 30.7 45.6 85.8 53.2
p-value <0.001 0.0011 <0.001 <0.001 <0.001
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3.2. PCA-derived dietary patterns

PCA yielded three components with eigen-values >1 that together explained 86.6 % of the total
variance in the 11 nutrients (Figure 1A). Component loadings >|0.30| were used for interpretation.
PC1 (69.0 % variance) displayed strong positive loadings for calories (0.97), carbohydrades (0.85),
protein (0.83), total fat (0.93), saturated fat (0.84), monounsat fat (0.90), polyunsat fat (0.81), fiber
(0.66), added sugars (0.62), sodium (0.85) and potassium (0.81); we labelled this axis “energy-dense”.
PC2 (9.4 % variance) contrasted high positive loadings for carbohydrades (0.47) and added sugars
(0.67); we termed this the “carbohydrate-fat balance” axis. PC3 (8.3 % variance) was characterised
by positive loadings for dietary fibre (0.58) and potassium (0.42) and negative loadings for added
sugars (—0.36); we labelled it “fibre-rich”. Figure 1B visually depicts the rotated loadings matrix.
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Fig. 1B Rotated Component Matrix of Nutritional Factors

3.3. Group-specific dietary signatures

Mean (SE) component scores differed markedly across groups (Figure 2A). DM+CI exhibited the
lowest PC1 scores (—1.12 £ 0.18), followed by CI alone (—0.25 £+ 0.14), DM alone (-0.09 %0.08), and
Healthy (0.02 £0.02). PC2 scores were highest in Healthy (0.03 0.01) and CI alone (0.03 £0.06)
and lowest in DM alone (—0.34 + 0.03). PC3 scores were highest in DM alone (0.33 £+ 0.03) and
lowest in Healthy (=0.03 + 0.01).

Raw nutrient intakes mirrored these patterns (Table 2). Compared with Healthy controls, DM+CI
consumed 23 % fewer calories (1 537 %60 vs 1 993 +8 kcal d" ¥, 23 % less carbohydrate (192 8

vs 251 1 gd~ 3, and 33 % less added sugars (77 4 vs 115 +1 g d~ 3, while protein intake was 14 %
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lower (64 £3 vs 74 =0 g d” 3. Sodium intake in DM+CI was 2 669 108 mg d~ Lstill above the
recommended 2 300 mg d-* DM alone showed the highest sodium intake (3 333 =52 mg d 3,
whereas CI alone demonstrated elevated carbohydrate (233 6 g d~ 3 and added sugars (105 +4 g d
“3. Violin plots illustrate the full distribution of four key nutrients (Figure 2B). Sodium exhibited a
pronounced right skew in DM alone, while fibre intake was left-skewed in CI alone.

Table 2. Mean (£SE) Raw Nutrient Intakes by Study Groups

Groups Calories (kcal d- % |Carbohydrates (g d” 3| Protein (g d” 3 | Added Sugars (g d” 3| Sodium (mgd- ¥

Healthy 1993.1 7.9 250.8 1.0 74.2 0.3 115 +0.6 3189.2 +£14.6

Diabetes 1868.9 +26.9 220.6 +3.3 76.9+1.2 86.5+1.9 3332.7 £52.3
Cogill e 1867.4 +48.2 2331463 722421 104.7 +4.0 2988.9 +82.1
Impairment

DM+CI 1537.3 +60.2 192.2 7.9 64.4 +2.7 76.7 £4.5 2669.0 £107.5

Mean (SE) Diet PC1 Scores Mean (SE) Diet PC2 Scores Mean (SE) Diet_PC3 Scores
T 2 0.3 :[
it { 1 I . [
e @
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Fig. 2B Distribution of Key Nutrient Intakes by Study Groups

3.4. Machine-learning classification performance

After SMOTE balancing, each group comprised 1,000 observations. Nested 5-fold cross-
validation yielded an overall accuracy of 71.8% (95% CI 70.4-73.2%) and a macro-F1 score of 0.72.
Class-specific metrics are presented in Table 3. AUROC was highest for DM+CI (0.960), followed
by Cognitive Impairment (0.926), Healthy (0.900), and Diabetes (0.836) (Figure 3A). Precision-recall
curves corroborated excellent discrimination for DM+CI (average precision 0.895) and Cognitive
Impairment (0.784), whereas Diabetes showed moderate performance (0.604). The confusion matrix
(Figure 3B) revealed that 20.1% of DM cases were misclassified as Healthy, consistent with the subtle
dietary deviations observed in DM alone.
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Table 3. Nutrient Intake Patterns Across Study Groups

Groups Precision | Recall | F1-score
Healthy 0.765 | 0.718 | 0.741
Diabetes 0.602 | 0.547 | 0.573
Cognitive Impairment | 0.705 | 0.772 | 0.737
DM+CI 0.789 | 0.835 | 0.811
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Fig. 3A Receiver Operating Characteristic Curves for Multi-Class Classification
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Fig. 3B Confusion Matrix Revealing Misclassification Among Each Groups

3.5. SHAP explainability

Global SHAP importance ranked age (mean |SHAP| = 1.68 £0.67), Diet_PC1 (0.44 £0.56), and
Diet_PC2 (0.44 +0.27) as the top three predictors (Figure 4A). Diet_PC3 contributed modestly (0.43
+0.66). Class-specific beeswarm plots demonstrated distinct patterns (Figure 4B—E): (1) DM+CI:
marked negative contributions from Diet_PC1 and Diet_PC2 (low energy density and carbohydrate
restriction). (2) DM alone: high positive contributions from age. (3) CI alone: positive contributions
from Diet_PC2 (high carbohydrate/sugar) and age. Dependence plots revealed non-linear thresholds:
below Diet PC1 =-0.46 standard deviations, the predicted probability of DM+CI was reduced (odds
ratio 0.6 per SD decrease, p = 0.006) (Figure 5).
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Figure 4A: Global SHAP Feature Importance
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4. Discussion

The present study is, to our knowledge, the first to integrate population-representative dietary data,
unsupervised pattern recognition, and explainable machine-learning to characterise the nutritional
phenotype of DM, CI, and their co-occurrence. Three key observations emerge. First, DM+CI
constitutes a distinct low-energy-density subgroup whose caloric intake is 23 % lower and
carbohydrate intake 30 % lower than that of age-comparable healthy adults. Second, the low-calorie
pattern is not simply an extension of DM alone; DM alone retains near-normal caloric density but
displays marked sodium excess, whereas Cl alone shows a paradoxically high-carbohydrate, high-
sugar pattern. Third, an XGBoost classifier distinguished DM+CI with an AUROC of 0.960, an
accuracy rivalling that of multi-biomarker panels for dementia prediction [Kivipelto, 2018]. SHAP
attributions identified age and PC1 (energy density) as universal predictors, but carbohydrate
restriction specifically drove DM+CI classification. These findings provide the empirical basis for
comorbidity-specific dietary guidelines.

Previous NHANES analyses have reported that adults with DM consume more sodium and less
fibre than non-diabetic peers [O’Donnell, 2020], consistent with our findings. However, most studies
did not adjust for cognitive status; we show that sodium excess is particularly pronounced in DM
without CI (3 333 mg d~ ¥, exceeding the 2 300 mg d *threshold recommended by the American
Heart Association [AHA, 2021]. The modest reduction in total calories (—6 %) observed in DM alone
may reflect clinician-directed weight-loss advice, but the preservation of overall energy density
suggests incomplete adherence. Population-based cohorts have reported higher refined-carbohydrate
and added-sugar intakes among individuals with mild cognitive impairment [Lourida, 2013; Power,
2021]. Our data corroborate these associations: Cl alone had the highest PC2 score (carbohydrate-fat
balance) and 12 % greater added-sugar intake. Mechanistically, chronic hyperglycaemia promotes
hippocampal insulin resistance and increases cerebral AP deposition in rodent models [de la Monte,
2012]. The present cross-sectional design cannot establish temporality, but the observed sugar—CI
association is biologically coherent. Most striking is the low-energy-density pattern in DM+CI.
Existing literature offers three, not mutually exclusive, explanations. First, clinician-directed
carbohydrate restriction aimed at glycaemic control may inadvertently reduce total calories below
requirements, especially in frail older adults [Munshi, 2017]. Second, disease-related anorexia-
cachexia, driven by systemic inflammation and autonomic neuropathy, may suppress appetite
[Schwartz, 2020]. Third, survivor bias could favour older adults who spontaneously restrict calories
and thereby evade earlier mortality. Longitudinal data are required to disentangle these pathways.

Chronic relative energy restriction observed in DM+CI may reflect clinician-directed carbohydrate
restriction or disease-related anorexia, rather than intentional calorie restriction [Madeo, 2018].
However, in the presence of concurrent insulin deficiency or sarcopenia, prolonged restriction may
accelerate muscle wasting and impair neurotrophic support, paradoxically increasing dementia risk
[Franzago, 2022]. Our finding that protein intake in DM+CI is only 6 % below healthy levels suggests
relative preservation, but absolute intakes remain below the 1.2 g kg~ 3d~*recommended for older
adults [Bauer, 2013]. The DM-alone consumed 3 333 mg sodium daily—equivalent to 8.3 g salt
(assuming 2.5 g salt per 1 g sodium)—well above the WHO recommended maximum of 5 g d %
[WHO-Salt, 2021]. Excess sodium exacerbates endothelial dysfunction and cerebral small-vessel
disease, an effect magnified by concurrent hyperglycaemia [Ding, 2021]. In contrast, DM+CI sodium
intake was lower (2 669 mg) but still excessive, implying that sodium reduction remains a therapeutic
target across all DM phenotypes. Added sugars in Cl alone (105 g d~ 3 contributed 26 % of total
energy, exceeding the <10 % limit advised by the Dietary Guidelines for Americans [DGAC, 2020].
High fructose intake promotes neuroinflammation via increased microglial activation and NLRP3
inflammasome signalling [Zhang, 2022]. In the context of insulin resistance, this may accelerate tau
phosphorylation and synaptic loss [Ma, 2022].

Our explainable model identifies low PC1 (energy density) as the strongest predictor of DM+CI
membership. Embedding this parameter into electronic-health-record-based decision support could
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flag at-risk individuals and trigger comprehensive geriatric assessment. Targeted interventions might
include structured meals delivering 25-30 kcal kg ®and 1.2-1.5 g protein kg~ *-alongside glycaemic
control. Such an approach aligns with the European Society for Clinical Nutrition and Metabolism
guidelines for older adults with chronic disease [ESPEN, 2021]. Current American Diabetes
Association recommendations emphasise carbohydrate counting and sodium restriction, but do not
address the risk of under-nutrition in cognitively impaired elders [ADA, 2023]. Conversely,
cognitive-health guidelines prioritise Mediterranean-style patterns rich in unsaturated fats and
antioxidants without considering glycaemic burden [Petersson, 2022]. Our findings underscore the
need for comorbidity-specific guidelines that reconcile glycaemic control with neuroprotection and
prevention of sarcopenia. At the population level, sodium reduction strategies—e.g., reformulation
of processed foods and front-of-package labelling—could disproportionately benefit adults with DM,
irrespective of cognitive status [Trieu, 2021]. Sugar-sweetened beverage taxation may attenuate the
high-sugar pattern observed in Cl alone [Powell, 2020].

Our study has several methodological strengths. First, the use of nationally representative
NHANES data with complex survey weights enhances external validity. Second, PCA dimension-
reduction mitigates multicollinearity inherent in nutrient data. Third, Optuna-driven hyper-parameter
tuning and nested cross-validation minimise over-fitting. Fourth, SHAP interpretability bridges the
“black-box” gap and facilitates clinician engagement. Several limitations merit consideration. The
cross-sectional design precludes causal inference; longitudinal cohorts are needed to determine
whether the low-energy-density pattern precedes or follows cognitive decline. Second, dietary data
rely on single 24-hour recalls, which are subject to day-to-day variability and recall bias; however,
NHANES employs the validated multiple-pass method. Third, Cl was defined using age-stratified
DSST < 20th percentile, a validated proxy for early cognitive decline, potentially misclassifying some
participants. Fourth, residual confounding by unmeasured factors (physical activity, medication use,
genetic predisposition) cannot be excluded. Finally, the predominantly U S population limits
generalisability to other dietary cultures.

5. Conclusion

DM+CI exhibits a unique low-energy-density nutritional phenotype that is distinct from either DM
or Cl alone. Explainable machine-learning provides a high-precision, clinically actionable framework
for precision-nutrition interventions. Prospective cohorts should integrate repeated dietary
assessments with biomarkers (HbAlc, inflammatory cytokines, neurofilament light) to elucidate
temporal relationships. Randomised controlled trials testing structured calorie-adequate, protein-
optimised diets in DM+CI are warranted. Integration of gut-microbiome metagenomics and neuro-
imaging indices could refine mechanistic understanding.
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