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Abstract 18 

Background/Objectives: Suboptimal dietary patterns are among the leading modifiable 19 

contributors to global morbidity and mortality, particularly in cardiovascular disease, 20 

type 2 diabetes mellitus (T2DM), obesity, metabolic syndrome, and hypertension. Digital 21 

nutrition platforms have emerged to improve adherence to evidence-based dietary strat- 22 

egies; however, many systems lack structured optimization, processing-aware nutrient 23 

profiling, and explainable artificial intelligence (AI) mechanisms. The integration of large 24 

language models (LLMs) into digital health introduces conversational personalization but 25 

also risks hallucination and unsafe outputs without constraint enforcement. This study 26 

aimed to describe the system development, architecture, database infrastructure, optimi- 27 

zation algorithms, explainability enforcement, and digital health implications of Nu- 28 

triSteppe-AI, a chatbot-first LLM-driven system for personalized health menu generation 29 

constrained by deterministic nutrient logic and processing-aware scoring. Methods: Nu- 30 

triSteppe-AI integrates: (1) a multi-source structured nutrient database of 20,000 food 31 

products with up to 130 tracked nutrients; (2) energy requirement estimation using the 32 

revised Harris-Benedict equation; (3) linear programming-based multi-objective optimi- 33 

zation; (4) a Healthy Food Index (HFI; 0.5–5.0 scale) incorporating NOVA processing clas- 34 

sification penalties; (5) traffic-light nutrient gating; and (6) a constrained LLM orchestra- 35 

tion layer governed by structured API contracts. Algorithmic validation was performed 36 

using 10,000 simulated user profiles spanning diverse age, anthropometric, activity, die- 37 

tary exclusion, and budget parameters. Results: The system achieved 96.8% full constraint 38 

satisfaction with macronutrient mean absolute errors of 11.60% (energy), 18.86% (protein), 39 

16.26% (fat), and 20.91% (carbohydrates). Incorporating NOVA processing penalties re- 40 

duced ultra-processed food HFI scores by 0.73 points (P < 0.001). Median optimized menu 41 

HFI improved from 3.6 to 4.3. Median system latency was 1.8 s. Explainability validation 42 

confirmed 100% deterministic alignment with zero hallucinated numeric claims. Conclu- 43 

sions: NutriSteppe-AI demonstrates that LLM-driven nutrition chatbots can achieve de- 44 

terministic, explainable, and clinically aligned performance when governed by structured 45 
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optimization, processing-aware scoring, and explainability enforcement. This architecture 46 

provides scalable digital health infrastructure for cardiometabolic disease prevention in 47 

diverse populations. 48 

Keywords: artificial intelligence; large language models; nutrition; personalized diet; 49 

chatbots; clinical decision support systems; digital health; explainable AI; linear program- 50 

ming optimization; food databases 51 

 52 

1. Introduction 53 

1.1. Global Burden of Dietary Risk 54 

Dietary risk factors constitute a leading contributor to global disease burden. The 55 

Global Burden of Disease Study estimated that suboptimal dietary patterns account for 56 

millions of deaths annually, primarily through cardiovascular and metabolic pathways 57 

[1,2]. Dietary strategies including the Dietary Approaches to Stop Hypertension (DASH) 58 

and Mediterranean patterns have demonstrated significant reductions in blood pressure, 59 

lipid abnormalities, glycemic dysregulation, and major cardiovascular events [3–6]. Nu- 60 

tritional modification remains foundational to the management of type 2 diabetes mellitus 61 

(T2DM) [7,8], obesity [9,10], and metabolic syndrome [11,12]. 62 

Despite robust evidence supporting dietary intervention, population-level adherence 63 

remains limited [8]. Digital health interventions have been explored as scalable tools to 64 

improve dietary behavior change [13–16], incorporating established behavioral science 65 

frameworks such as the transtheoretical model of behavior change and the behavior 66 

change wheel [17,18]. 67 

1.2. Nutrient Profiling and Food Processing Classification 68 

Nutrient profiling systems—including Health Star Ratings and traffic-light labeling— 69 

were developed to guide consumers toward healthier food choices [19,20]. However, evi- 70 

dence indicates that ultra-processed foods may receive disproportionately favorable rat- 71 

ings under conventional profiling frameworks that do not account for the degree of in- 72 

dustrial processing [21–25]. The NOVA food classification system addresses this limita- 73 

tion by categorizing foods according to their extent and purpose of processing [26–29]. 74 

Epidemiological evidence consistently links high ultra-processed food consumption 75 

to elevated risks of cancer, cardiovascular disease, and metabolic dysfunction [27,28]. In- 76 

corporating processing-adjusted penalties into nutrient scoring systems therefore im- 77 

proves alignment with public health goals and epidemiological findings [25,26]. 78 

1.3. Artificial Intelligence and Large Language Models in Healthcare and Nutrition 79 

Artificial intelligence (AI) is increasingly integrated into clinical decision support, di- 80 

agnostic imaging, and health behavior systems [15]. Large language models (LLMs) 81 

demonstrate advanced natural language reasoning and generation capabilities; however, 82 

they carry inherent risks of hallucination and non-deterministic outputs [30–33]. In 83 

healthcare contexts, these limitations necessitate robust governance frameworks empha- 84 

sizing explainability, auditability, and clinical safety [34–37]. 85 
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Recent evidence has raised important concerns regarding the reliability and safety of 86 

generative AI systems in the context of nutrition counseling and dietary guidance. In one 87 

study, five widely used chatbot platforms were tasked with generating three-day weight- 88 

loss meal plans for fictional adolescents with overweight or obesity. Compared with plans 89 

developed by a registered dietitian, the AI-generated menus contained substantially 90 

lower caloric content, averaging approximately 700 fewer kilocalories per day. The au- 91 

thors cautioned that sustained adherence to such restrictive dietary recommendations 92 

could increase the risk of malnutrition, impaired growth, and disordered eating behaviors 93 

among adolescents [38]. 94 

Similarly, another investigation evaluating chatbot responses to health-related que- 95 

ries found considerable shortcomings in nutrition guidance. Among 50 nutrition-related 96 

responses assessed, 72% were rated as ineffective or potentially harmful if implemented 97 

in practice [39]. These findings underscore the need for careful validation, expert over- 98 

sight, and evidence-based safeguards when deploying AI systems in nutrition and public 99 

health settings. 100 

Explainable AI methods such as SHAP (Shapley Additive Explanations) and LIME 101 

(Local Interpretable Model-agnostic Explanations) provide mechanisms for transparent 102 

model reasoning [35,36]. Digital health deployment frameworks emphasize structured de- 103 

cision support, human–AI partnership, and clinician-in-the-loop governance [40–42]. 104 

[Addition – C1.1] The current landscape of AI-driven dietary recommendation sys- 105 

tems spans rule-based and collaborative-filtering nutrition recommenders, knowledge- 106 

based meal planners (e.g., the PROTEIN AI advisor [54]), deep-generative recommenders 107 

[53], and recent general-purpose LLM/GPT meal planners [38,39,51]. Across these sys- 108 

tems, three recurrent limitations persist: (i) the absence of formal mathematical optimiza- 109 

tion guaranteeing simultaneous satisfaction of energy, macronutrient, and safety con- 110 

straints, as most rely on heuristic substitution or unconstrained generation; (ii) the absence 111 

of processing-aware nutrient profiling, so that ultra-processed foods can receive favorable 112 

scores under conventional indices; and (iii) the absence of explainability and governance 113 

mechanisms to bound LLM hallucination in safety-critical nutritional output. Nu- 114 

triSteppe-AI advances beyond this state of the art by unifying all three within a single 115 

hybrid deterministic–generative architecture. 116 

[Addition – C1.13] SHAP and LIME are referenced here only as established post-hoc 117 

explainability methods for opaque models; they are not used in NutriSteppe-AI. The sys- 118 

tem instead provides intrinsic, deterministic, white-box explainability through an exact 119 

factor-contribution mechanism (Section 2.7), so post-hoc approximation methods such as 120 

SHAP/LIME are neither required nor appropriate, because the contributions are exact ra- 121 

ther than estimated. 122 

1.4. Study Objective 123 

NutriSteppe-AI was developed to integrate deterministic nutrient optimization, pro- 124 

cessing-aware scoring, traffic-light nutrient gating, LLM-driven conversational interface, 125 

and systematic explainability enforcement into a unified digital health platform. This 126 

manuscript describes the system architecture, database integration, optimization frame- 127 

work, validation methodology, and digital health implications of this approach. 128 
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[Addition – C1.1] The objective of this study was to develop and algorithmically val- 129 

idate a chatbot-first, LLM-driven menu-generation system in which all nutritional com- 130 

putation is performed by a deterministic, constraint-satisfying optimizer and the LLM is 131 

structurally confined to conversational interpretation and explanation, thereby delivering 132 

personalized, processing-aware, and fully traceable dietary recommendations 133 

2. Materials and Methods 134 

2.1. Study Design and System Development Framework 135 

NutriSteppe-AI was developed through iterative agile cycles organized into three se- 136 

quential phases: (1) Foundational Architecture Design, encompassing database construc- 137 

tion, energy estimation, and constraint specification; (2) Optimization and Scoring Inte- 138 

gration, including HFI formulation, NOVA penalty calibration, traffic-light gating, and 139 

linear programming solver implementation; and (3) LLM Orchestration and Explainabil- 140 

ity Enforcement, comprising API contract design, intent classification, structured output 141 

generation, and explanation validation. The system follows a hybrid deterministic–gener- 142 

ative computational model in which all nutritional calculations are performed determin- 143 

istically prior to LLM text generation (see Figure 1). 144 

This study reports system development and algorithmic validation; no human par- 145 

ticipants were enrolled, and no patient data were used. Ethical review was not required 146 

under applicable institutional guidelines for computational system development. 147 

 148 
Figure 1. Hybrid deterministic–generative architecture of NutriSteppe-AI. User input is processed 149 

by LLM intent recognition (NLU), which routes to either a Tool Agent (triggering menu generation 150 

via deterministic optimization) or a Chat Agent (handling predetermined conversational user 151 

flows). 152 

2.2. Database Architecture 153 

2.2.1. Multi-Source Food Database 154 
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The NutriSteppe nutrient database contains approximately 20,000 standardized food 155 

items with up to 130 tracked nutritional parameters per item. Of these, a validated core 156 

subset of 6,916 foods and dishes was used for menu generation and nutrient calculations. 157 

This subset was compiled from the following reference databases: the German Nutrient 158 

Database (BLS), McCance and Widdowson's Composition of Foods Integrated Dataset 159 

(CoFID), the Skurikhin Central Asian Nutrient Reference Database, USDA FoodData Cen- 160 

tral, and the Kazakhstani Food Composition Database.  161 

[Addition – C1.2] The Kazakhstani Database refers to food-composition data com- 162 

piled and maintained by the Kazakh Academy of Nutrition, comprising nationally con- 163 

sumed composite dishes and products whose values are derived from standardized rec- 164 

ipe-based Technical Cards (“tekhnologicheskie karty”) and laboratory composition anal- 165 

ysis. It is distinct from the Skurikhin Central Asian Reference Database, which is listed 166 

separately. 167 

The database encompasses 6,916 foods and dishes, distributed across 18 categories: 168 

meat (n = 1,390), bread and bakery products (n = 1,299), fish (n = 749), garnish preparations 169 

(n = 536), fruits and vegetables (n = 578), snacks (n = 327), desserts (n = 476), soups (n = 170 

340), salads (n = 280), porridges (n = 53), beverages (n = 296), dairy products (n = 170), eggs 171 

(n = 114), cheeses (n = 49), cottage cheese preparations (n = 36), nuts and seeds (n = 52), 172 

sauces (n = 99), and appetizers (n = 72). 173 

Each database entry contains structured fields including macronutrients, micronutri- 174 

ents, energy density, fiber content, sodium, saturated fat, added sugars, NOVA processing 175 

classification, allergen flags, seasonality metadata, recipe linkage, and Technical Card 176 

(TechCard) integration identifiers. User-generated menu plans are stored in a relational 177 

'menu_history' table, enabling longitudinal dietary pattern tracking and personalized 178 

menu retrieval. 179 

[Addition – C1.3] Added-sugar values have mixed provenance across the multi- 180 

source database. For reference-database items (BLS, CoFID, USDA), added values are 181 

taken as the analytical or database-reported values where available. For composite dishes 182 

and TechCard items, added sugars are computed from recipe composition as the sum of 183 

sugars contributed by discretionary sugar-containing ingredients, excluding intrinsic sug- 184 

ars from whole fruits and milk. For branded/ultra-processed items, added sugars are de- 185 

rived from manufacturer label declarations. 186 

To reflect Kazakhstan's food landscape, the Kazakh Academy of Nutrition’s nutri- 187 

tionists categorized all 20,000 dishes and products into five availability groups: items 188 

available daily across Kazakhstan, restaurant-specific dishes and products, exotic ingre- 189 

dients and meals, ultra-processed foods, and unclassified items. For menu generation 190 

training, the system uses two availability types: daily available items (n = 4,081) and res- 191 

taurant dishes and products (n = 2,828). 192 

The relational database schema of NutriSteppe-AI is presented in Figure 2. The 193 

schema links the core dishes and products table (dish_product_id, name, category, type, 194 

serving_size, availability_type) to dishes and products details (id, recipe, ingredients, 195 

health_index, nova) and dishes and products nutrients (macronutrient and energy fields). 196 

User data are stored across the users, user_profiles (BMI, daily caloric targets), and 197 
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user_menus (generated menu history) tables, with foreign key relationships enabling per- 198 

sonalized menu retrieval. 199 

 200 

 201 

Figure 2. Relational database schema of NutriSteppe-AI.  202 

2.2.2. Energy Requirement Estimation 203 

Basal Energy Expenditure (BEE) is calculated using the revised Harris–Benedict 204 

equation [43]: 205 

Males: BEE = 88.36 + (13.4 × W) + (4.8 × H) − (5.7 × A) 

Females: BEE = 447.6 + (9.2 × W) + (3.1 × H) − (4.3 × A) 
(1) 

where W = body weight (kg), H = height (cm), and A = age (years). Total Energy Expendi- 206 

ture (TEE) is derived as TEE = BEE × ActivityFactor ± GoalAdjustment, with activity fac- 207 

tors ranging from 1.2 (sedentary) to 1.9 (very active). Macronutrient target ranges follow 208 

WHO and Institute of Medicine reference values [44–46]. 209 

2.3. Healthy Food Index 210 

The Healthy Food Index (HFI) is scored on a 0.5 to 5.0 scale in 0.5-point increments. 211 

The composite score integrates six positive contributors—fiber density, fruit/vegeta- 212 

ble/nut/legume (FVNL) content, protein adequacy, unsaturated fat ratio, energy density 213 

efficiency, and micronutrient density—and four penalty components: added sugar load, 214 

sodium content, saturated fat proportion, and NOVA processing classification. The 215 

NOVA-derived processing penalty ensures that ultra-processed foods (NOVA Group 4) 216 

receive systematically lower HFI scores, operationalizing the alignment of the scoring sys- 217 

tem with current epidemiological evidence [11,12,27,28]. 218 

2.4. Traffic-Light Nutrient Gating 219 

Per 100 g nutrient thresholds classify food items for sugar, salt, fat and saturated fat 220 

into three traffic-light categories (green/yellow/red) following established UK Food Stand- 221 

ards Agency criteria. These categorical designations function as upstream gating filters 222 
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applied before candidate food ranking in the optimization pipeline, ensuring that items 223 

with red-level concentrations of high-risk nutrients are deprioritized or excluded under 224 

configurable dietary protocols. 225 

2.5. Linear Programming Optimization 226 

Menu optimization employs a Simplex-based linear programming solver [48,49]. The 227 

multi-objective function is defined as: 228 

Minimize J = λ₁|Etarget − Emenu| + λ₂(1 − HFIavg) + λ₃Cost (2) 

here J is the objective function; Etarget is the required energy intake; Emenu is the total energy 229 

provided by the menu; HFIavg is the average Healthy Food Index; Cost is the total menu 230 

cost; and λ1,λ2,λ3 are weighting coefficients controlling the importance of energy balance, 231 

nutritional quality, and cost, respectively. 232 

Subject to the following constraints: macronutrient proportions within WHO-rec- 233 

ommended bounds; minimum dietary fiber threshold (≥25 g/day); sodium upper limit 234 

(≤2,000 mg/day per WHO guidance [46]); saturated fat cap (≤10% of total energy); com- 235 

plete allergen exclusions per user profile; dietary pattern adherence (DASH, Mediterra- 236 

nean, ketogenic, or custom); seasonality availability constraints; minimum HFI threshold 237 

per meal; and traffic-light gating compliance. 238 

[Addition – C1.7] Palatability and variety are handled through structural constraints 239 

through a combination of structural optimization constraints and user-centered personal- 240 

ization rather than the objective function alone. The optimizer assembles menus by meal 241 

slot (breakfast, lunch, dinner, snacks), and each slot draws only from category sets appro- 242 

priate to it (for example, desserts and soups are not eligible for the breakfast slot), which 243 

prevents implausible combinations. Variety is enforced by a no-repeat constraint that lim- 244 

its how often the same dish or category may recur within a defined window (e.g., across 245 

the days of a weekly plan), and by category-balance constraints that ensure a spread 246 

across food groups. Menu generation also incorporates user-specific preferences and med- 247 

ical requirements. Allergies, health conditions, and dietary restrictions are treated as man- 248 

datory constraints, while disliked foods are excluded and preferred foods are prioritized 249 

whenever compatible with the nutritional requirements. In addition, NutriSteppe-AI pro- 250 

vides a shuffle function that replaces a selected dish with a nutritionally equivalent alter- 251 

native from the same food category while preserving the overall nutritional profile of the 252 

meal. Users may also request substitutions in natural language, which are interpreted by 253 

the LLM and mapped to suitable alternatives that satisfy the same dietary constraints, 254 

thereby improving both menu acceptability and long-term adherence. 255 

[Addition – C1.8] The database tracks up to 130 nutritional parameters, but not all 256 

are imposed as optimization constraints. The linear program enforces a defined set of hard 257 

and soft constraints on the nutrients with established reference values most relevant to 258 

cardiometabolic risk (energy, the three macronutrients within WHO bounds, fiber ≥ 25 259 

g/day, sodium ≤ 2,000 mg/day, saturated fat ≤ 10% of energy). The remaining micronutri- 260 

ents are tracked and reported, but are not each individually bounded — a deliberate de- 261 

sign choice that keeps the problem well-posed and tractable. 262 

2.6. LLM Orchestration Layer 263 
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The LLM layer performs four functions within the system: intent recognition (classi- 264 

fying user queries into canonical intents: PLAN_DAY, PLAN_WEEK, SWAP_ITEM, 265 

BUILD_BASKET, EXPLAIN_SCORE, and ADJUST_PREFERENCE); structured API end- 266 

point invocation via POST /v1/menu/generate; natural language explanation synthesis 267 

from structured JSON output; and user preference adaptation through conversational 268 

context updating. The LLM does not perform any nutritional calculations. It consumes 269 

structured JSON output from the deterministic optimization engine, which includes: en- 270 

ergy_kcal_planned, avg_health_index, traffic_light_daily summary, individual meal ob- 271 

jects with nutrient breakdowns, swap candidate lists, shopping list, and optimization 272 

metadata. This architectural separation ensures that all nutritional values and constraint- 273 

satisfaction claims are generated by verified deterministic processes. 274 

[Addition – C1.9] The deployed system uses GPT-5.4 Nano exclusively for intent 275 

recognition and natural language interaction. All nutritional calculations, menu optimi- 276 

zation, Health Food Index (HFI) scoring, and constraint validation are performed by the 277 

deterministic optimization engine. The LLM is not involved in any computational or de- 278 

cision-making processes affecting nutritional outputs 279 

[Addition – C1.10] The architecture is designed to fail safely. Intent classification re- 280 

turns a confidence score; below a threshold, the system does not trigger menu generation 281 

but instead issues a clarification prompt or routes the user to the Chat Agent’s predefined 282 

flows. Menu generation is invoked only when a recognized intent yields a fully validated 283 

structured request payload. Unsupported or out-of-scope requests are routed to prede- 284 

fined conversational handling rather than free-form generation. If the optimizer subse- 285 

quently returns an infeasible problem (the 3.2% high-restriction cases), a constraint-relax- 286 

ation hierarchy is applied and the relaxation is disclosed to the user. 287 

[Addition – C1.18] The menu-generation endpoint (POST /v1/menu/generate) ac- 288 

cepts a typed request object (sex, age, weight, height, activity factor, goal, dietary pattern, 289 

allergen exclusions, budget) and returns a typed response object containing en- 290 

ergy_kcal_planned, avg_health_index, traffic_light_daily, per-meal nutrient breakdowns, 291 

swap-candidate lists, shopping list, and optimization metadata. Validation rules include 292 

range checks on anthropometrics, enumerated intents and dietary patterns, and manda- 293 

tory allergen-exclusion enforcement before any candidate ranking. 294 

[Addition – C2.1] This section is expanded in three ways. First, the prompt structures 295 

are described and included: the intent-classification prompt (mapping utterances to the 296 

canonical intents) and the explanation-synthesis prompt, whose system instruction con- 297 

strains the LLM to consume only the deterministic JSON and explicitly forbids it from 298 

computing or altering any nutritional value. Second, a complete worked example traces 299 

one request end-to-end (below). Third, a generalizability note is added: the deterministic- 300 

core / generative-surface separation transfers to other cuisines (by swapping the food da- 301 

tabase) and to other constrained-recommendation domains (by replacing the objective 302 

and constraints) without changing the orchestration logic. 303 

Worked example (to be set as a boxed panel). User utterance: “Make me a one-day 304 

menu — 45-year-old man, 92 kg, 178 cm, moderately active, I want to lose weight, no fish 305 

or seafood, keep it affordable.” 306 
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Intent recognition (LLM/NLU): intent = PLAN_DAY; extracted entities → {sex: male, 307 

age: 45, weight_kg: 92, height_cm: 178, activity_factor: 1.55, goal: weight_loss, exclusions: 308 

[fish/seafood], budget_level: low}. 309 

Deterministic computation: BEE (revised Harris–Benedict, male) = 88.36 + 13.4×92 + 310 

4.8×178 − 5.7×45 ≈ 1,919 kcal; TEE = 1,919 × 1.55 ≈ 2,975 kcal; with a −500 kcal weight-loss 311 

adjustment, energy target ≈ 2,470 kcal. The LP solver then assembles a fish-free, low-cost 312 

menu satisfying all macronutrient, fiber, sodium, saturated-fat, and traffic-light con- 313 

straints. 314 

Structured JSON (abridged): {energy_kcal_planned: 2470, avg_health_index: 4.3, 315 

traffic_light_daily: {sugar: green, salt: yellow, sat_fat: green}, meals: […], shopping_list: 316 

[…]}. 317 

LLM explanation (constrained to the JSON): “Here is your plan for today at about 318 

2,470 kcal, consistent with a ~500 kcal/day deficit for gradual weight loss. The average 319 

Healthy Food Index is 4.3 out of 5.0. Fish and seafood are fully excluded. Salt sits in the 320 

yellow band, mainly from the lunch soup — tap ‘swap’ to bring it to green.” Every number 321 

in this sentence is present in the structured payload. 322 

The application of LLM-based intent recognition is motivated by empirical research 323 

demonstrating that LLMs offer uniform benefits in zero-shot intent classification scenar- 324 

ios, where user utterances are mapped to pre-defined intent classes, efficiently avoiding 325 

task-specific fine-tuning [50]. 326 

The end-to-end menu generation workflow of NutriSteppe-AI is illustrated in Figure 327 

3. User input (chat or voice) or a Quick Menu request triggers a UI routing decision. The 328 

menu generation pipeline then sequentially processes user anthropometric parameters 329 

(weight, height, gender, age → BMR estimation), computes TEE with adjustments for 330 

physical activity level and dietary goals, evaluates medical conditions and allergen con- 331 

straints, selects the appropriate menu type, applies energy and macronutrient thresholds, 332 

calculates the HFI and traffic-light nutrition scores, and queries the food database to gen- 333 

erate a personalized daily or weekly menu plan. 334 

 335 

Figure 3. End-to-end menu generation workflow of NutriSteppe-AI. 336 

2.7. Explainability Enforcement 337 

The explainability pipeline comprises four sequential stages: (1) Scoring Engine gen- 338 

erates factor-level contribution weights for each HFI component; (2) Factor Contribution 339 
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Table maps each nutrient or processing penalty to its numerical contribution; (3) Expla- 340 

nation Template selects the appropriate natural language template for each factor tier; and 341 

(4) LLM Surface Output renders the explanation in conversational language anchored to 342 

the template. Each explanation token is traceable to a specific scoring factor. Validation 343 

confirmed 100% deterministic alignment, zero hallucinated numeric claims, and complete 344 

nutrient contribution traceability across all simulated profiles. 345 

[Addition – C1.12] The HFI is a deterministic weighted composite. Each of the three 346 

positive contributors (fiber density, FVNL content, protein adequacy, and five penalty 347 

components (energy-density, added-sugar load, sodium, saturated-fat proportion, NOVA 348 

processing class) is mapped to a normalized sub-score; each sub-score is multiplied by a 349 

fixed weight, and the weighted sub-scores are summed (positives added, penalties sub- 350 

tracted) and mapped onto the 0.5–5.0 scale. The factor-level contribution reported in the 351 

explainability layer is precisely each component’s signed weighted sub-score, so the con- 352 

tributions sum to the final HFI by construction. 353 

[Addition – C1.11 / C1.17] The zero-hallucination and complete-traceability results 354 

follow from the architecture and were verified by an automated audit. Because every nu- 355 

meric value originates in the deterministic optimizer and is injected into fixed explanation 356 

templates, all 10,000 generated outputs were audited by programmatically extracting each 357 

numeric token in the rendered explanation and matching it against the values in the cor- 358 

responding structured JSON payload; an output was counted as containing a hallucinated 359 

numeric claim if any rendered number did not exactly match a source value. For tracea- 360 

bility, every factor and numeric value in each rendered explanation was matched against 361 

an entry in the Factor Contribution Table, and an output passed only if every referenced 362 

factor/number mapped to a source entry and no extraneous factor or numeric claim ap- 363 

peared. No mismatches were found (denominator = 10,000; pass rate 100%).  364 

The proposed Health Food Index (HFI) adopts the nutrient profiling principles of the 365 

Health Star Rating (HSR) system developed by Australia and New Zealand. The HSR 366 

methodology evaluates packaged foods by assigning baseline points for energy, saturated 367 

fat, total sugars, and sodium, which are subsequently adjusted using positive components 368 

including fruit, vegetable, nut and legume (FVNL) content, dietary fiber, and protein 369 

where applicable. All calculations are performed per 100 g or 100 mL of product using the 370 

official HSR Calculator and Style Guide. In addition to nutrient profiling, the HFI also 371 

considers the degree of food processing according to the NOVA classification, distin- 372 

guishing foods into four groups based on the nature, extent, and purpose of industrial 373 

processing [58, 26]. 374 

2.8. Algorithmic Validation 375 

Algorithmic validation was conducted using 10,000 simulated user profiles gener- 376 

ated by Monte Carlo sampling across the following parameter distributions: age 18–75 377 

years; BMI 18.0–40.0 kg/m²; multiple physical activity levels; diverse dietary exclusion 378 

combinations; and household budget variability. Simulated profiles included common 379 

clinical presentations relevant to cardiometabolic prevention, including hypertension, 380 

dyslipidemia, T2DM risk, and obesity. 381 
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Primary validation metrics included: (1) constraint satisfaction rate; (2) macronutri- 382 

ent mean absolute error (MAE) against algorithmic targets; (3) allergen violation rate; (4) 383 

HFI distributional shift between random baseline and optimized output; (5) explainability 384 

consistency; and (6) end-to-end system latency. 385 

3. Results 386 

3.1. Constraint Adherence 387 

Full constraint satisfaction was achieved in 96.8% of simulated profiles. Minor con- 388 

straint relaxations occurred in 3.2% of profiles, exclusively under high-restriction condi- 389 

tions combining multiple simultaneous allergen exclusions, strict budget limits, and nar- 390 

row seasonality windows. The allergen violation rate was 0%, confirming absolute safety 391 

constraint enforcement across all 10,000 simulations. 392 

3.2. Nutritional Accuracy 393 

Macronutrient mean absolute errors (MAE) against optimization targets were as fol- 394 

lows: energy 11.60%, protein 18.86%, fat 16.26%, and carbohydrates 20.91%. Mean opti- 395 

mized menu HFI was 3.8 across all simulated profiles. Table 1 presents the full macronu- 396 

trient accuracy summary, and Figure 4 illustrates the MAE with CI distribution across 397 

macronutrient categories. 398 

Table 1. Macronutrient mean absolute error (MAE) and mean Healthy Food Index (HFI) score 399 

across 10,000 simulated validation profiles. 400 

Nutritional Parame-

ter  
MAE (%) SD% 95% CI Clinical Interpretation 

Energy (kcal) 11.60 11.40 [9.35,13.84] 
Within acceptable clinical toler-

ance 

Protein (g) 18.86 11.74 [16.55, 21.17] 
Within acceptable clinical toler-

ance 

Fat (g) 16.26 12.31 [13.83, 18.70] 
Within acceptable clinical toler-

ance 

Carbohydrates (g) 20.91 16.03 [17.74, 24.06] 
Within acceptable clinical toler-

ance 

Mean HFI Score 
3.8 (scale 

0.5–5.0) 
  

Above population reference me-

dian 

 401 

These values are in line with optimal benchmarks for AI-based nutrition accuracy, 402 

where GPT-based systems with full meal context achieved a mean absolute percentage 403 

error (MAPE) of 13.7% for carbohydrate estimation, whereas systems operating under 404 

moderate data conditions reported errors of 18.1% [51]. One identified limitation of AI- 405 

generated diet plans is macronutrient balance and distribution, with some systems pro- 406 

ducing caloric deviations exceeding 20% in over half of generated plans [52]. Adding an 407 

optimization layer to AI-based diet generation has been shown to significantly improve 408 

macronutrient accuracy by adjusting meal quantities toward target energy and nutrient 409 

values [53]. The standard evaluation metrics for AI nutrition generation systems are MAE 410 

and MAPE over energy, protein, fat, and carbohydrates [51,53,54]. Experiments on 3,000 411 
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to 84,000 virtual user profiles can be considered a rigorous methodology to demonstrate 412 

the accuracy of AI-based dietary recommendation systems [53,54]. 413 

 414 
Figure 4. Mean absolute error (MAE, %) with 95% Confidence Interval for macronutrient targets 415 

across 10,000 simulated user profiles generated by the NutriSteppe-AI optimization engine.  416 

3.3. Processing-Aware Discrimination 417 

NOVA classification-based processing penalties demonstrated statistically signifi- 418 

cant discriminatory validity. The mean HFI score for ultra-processed foods (NOVA Group 419 

4) decreased by 0.73 points following penalty application (P < 0.001), consistent with the 420 

intended directional effect of the scoring algorithm. This magnitude of discrimination en- 421 

ables the system to meaningfully distinguish ultra-processed items from minimally pro- 422 

cessed alternatives within the same food category. 423 

3.4. Menu Quality Improvement 424 

Median HFI of randomly assembled menus without optimization was 3.6 (pre-inter- 425 

vention reference). Following linear programming optimization, median HFI improved 426 

to 4.3, representing a clinically meaningful shift of 0.7 HFI points. The proportion of opti- 427 

mized menus achieving HFI ≥ 4.0 was substantially higher than baseline random assem- 428 

bly, reflecting the systematic effect of multi-objective constraint-aware optimization. 429 

[Addition – C1.16] On the 0.5–5.0 HFI scale, a 0.7-point gain corresponds to roughly 430 

14% of the full range and moves the median menu across the HFI ≥ 4.0 threshold used to 431 

denote high dietary quality; in practical terms, the optimization shifts the bulk of the dis- 432 

tribution from “moderate” into the “high-quality” band, driven by greater fiber and FVNL 433 

content and reduced ultra-processed contribution. The HFI is an internally constructed 434 

composite built from externally validated components (NOVA classification, FSA thresh- 435 
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olds, WHO/IOM reference values), but the composite index itself has not yet been inde- 436 

pendently validated against established indices or health outcomes. 437 

3.5. System Performance 438 

Median end-to-end system latency was 1.8 s, with a 95th-percentile latency of 2.4 s. 439 

Linear programming optimization runtime was below 200 ms in 97.3% of simulated que- 440 

ries. These performance characteristics are consistent with real-time interactive applica- 441 

tion requirements. 442 

3.6. Explainability Consistency 443 

Explainability validation confirmed 100% alignment between numerical scoring fac- 444 

tor contributions and generated natural language explanations. No hallucinated numeric 445 

claims were identified across any of the 10,000 simulated profiles. Every generated expla- 446 

nation was fully traceable to a specific factor in the HFI scoring engine, satisfying the sys- 447 

tem's explainability enforcement criteria 448 

4. Discussion 449 

4.1. Principal Findings 450 

NutriSteppe-AI demonstrates that LLM-driven nutrition chatbots can be made de- 451 

terministic, clinically aligned, and fully explainable when governed by structured optimi- 452 

zation, processing-aware scoring, and architectural separation between deterministic 453 

computation and generative language output. The system achieved 96.8% full constraint 454 

satisfaction across a diverse simulated population, eliminated allergen violations, and 455 

produced significant HFI discrimination between ultra-processed and minimally pro- 456 

cessed foods consistent with current epidemiological evidence [27,28]. Explainability en- 457 

forcement achieved complete traceability across all simulated outputs, addressing a fun- 458 

damental governance requirement for AI systems deployed in clinical and public health 459 

contexts [34–37]. 460 

4.2. Comparison With Prior Digital Nutrition Systems 461 

Existing digital nutrition platforms and dietary mobile applications largely lack 462 

structured mathematical optimization, processing-aware nutrient profiling, and formal 463 

explainability mechanisms [13–16]. Many commercial systems rely on heuristic food sub- 464 

stitution or user-driven filtering without constraint enforcement. Prior AI-driven dietary 465 

recommendation systems have demonstrated value in improving nutritional knowledge 466 

and short-term adherence [15,16]; however, governance frameworks addressing LLM hal- 467 

lucination, safety constraint enforcement, and explanation traceability have not been sys- 468 

tematically implemented in published digital nutrition systems. 469 

NutriSteppe-AI advances this field by combining linear programming-based multi- 470 

objective optimization—a method with historical precedent in clinical dietetics [48,49]— 471 

with a constrained LLM orchestration layer that limits generative outputs to pre-com- 472 

puted, verified nutritional data. This architecture directly addresses the hallucination risk 473 
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identified in LLM healthcare deployment [30–33] through structural rather than prompt- 474 

based constraint mechanisms. 475 

4.3. Clinical and Public Health Implications 476 

The clinical alignment of NutriSteppe-AI is supported across multiple cardiometa- 477 

bolic disease domains. In cardiovascular disease prevention, the system enforces satu- 478 

rated fat and sodium gating consistent with Mediterranean and DASH dietary principles 479 

and WHO guidelines [4–6,46,55]. In hypertension management, sodium restriction is op- 480 

erationalized as a hard constraint rather than a recommendation, ensuring dietary outputs 481 

meet clinical targets [4,46]. For T2DM prevention and management, optimized menus 482 

support evidence-based dietary modification strategies [7,56,57]. In obesity and metabolic 483 

syndrome management, the energy balance optimization and HFI maximization frame- 484 

work aligns with lifestyle modification principles [9–12]. 485 

The Central Asian epidemiological context—characterized by high burdens of cardi- 486 

ovascular disease, T2DM, and obesity alongside limited access to personalized dietary 487 

counseling—makes scalable AI-driven nutrition systems particularly relevant for regional 488 

public health priorities. 489 

4.4. Strengths 490 

Key methodological strengths include: (1) a multi-source validated nutrient database 491 

with over 20,000 food products and culturally adapted regional coverage; (2) mathemati- 492 

cally rigorous deterministic computation decoupled from LLM text generation; (3) NOVA 493 

processing-aware scoring aligned with epidemiological evidence; (4) formal explainabil- 494 

ity enforcement with complete factor traceability; (5) structured API governance prevent- 495 

ing unsafe or hallucinated nutritional outputs; and (6) large-scale algorithmic validation 496 

across 10,000 diverse simulated profiles. 497 

4.5. Limitations 498 

Several limitations warrant acknowledgment. First, the validation reported here is 499 

computational and algorithmic; no prospective clinical trial evaluating health outcomes 500 

in real-world users has yet been conducted. Second, HFI scoring of beverage FVNL con- 501 

tent has inherent measurement limitations due to variable bioavailability and concentra- 502 

tion effects. Third, the current cultural localization reflects Central Asian and Eastern Eu- 503 

ropean food patterns; expansion to additional cultural contexts requires systematic data- 504 

base augmentation. Fourth, long-term user adherence to AI-generated dietary recommen- 505 

dations has not been empirically assessed in this population. 506 

[Addition – C1.8 / C1.11 / C1.16] Fifth, comprehensive per-micronutrient adequacy 507 

(e.g., iron, calcium, vitamin D, B12, folate) is not yet individually constrained in the opti- 508 

mizer; these nutrients are tracked and reported but are not each bounded, and individual 509 

constraints are planned for future versions. Sixth, the zero-hallucination guarantee is 510 

strongest for numeric content; whether non-numeric hallucinations (unsupported quali- 511 

tative claims, invented foods or constraints) were systematically assessed should be 512 

stated, as the present audit verifies exact numeric correspondence. Seventh, the Healthy 513 

Food Index, although built from externally validated components, has not yet been inde- 514 



Nutrients 2025, 17, x FOR PEER REVIEW 15 of 18 
 

 

pendently validated as a standalone composite index against established indices or health 515 

outcomes. 516 

4.6. Future Directions 517 

Priority future work includes: (1) prospective randomized controlled trials evaluat- 518 

ing NutriSteppe-AI against standard care in cardiometabolic disease prevention; (2) inte- 519 

gration with electronic medical record systems to enable clinician-facing dietary recom- 520 

mendation support; (3) wearable device and continuous glucose monitor data integration 521 

for real-time adaptive menu personalization; (4) microbiome-informed scoring refine- 522 

ment; (5) behavioral personalization loops incorporating longitudinal user interaction 523 

data; and (6) EMR-linked registry studies to evaluate population-level dietary quality im- 524 

provements. 525 

5. Conclusions 526 

NutriSteppe-AI establishes a reproducible, explainable, and processing-aware LLM- 527 

driven architecture for personalized dietary menu generation. By integrating determinis- 528 

tic multi-objective linear programming optimization, NOVA-adjusted Healthy Food In- 529 

dex scoring, traffic-light nutrient gating, and a constrained LLM orchestration layer with 530 

systematic explainability enforcement, the platform provides scalable digital health infra- 531 

structure aligned with evidence-based cardiometabolic disease prevention. Algorithmic 532 

validation across 10,000 simulated profiles demonstrated robust constraint satisfaction, 533 

meaningful HFI improvement, zero allergen violations, and complete explanation tracea- 534 

bility. Clinical validation trials are the necessary next step to demonstrate real-world 535 

health outcomes 536 
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The following abbreviations are used in this manuscript: 562 

AI Artificial Intelligence  

API Application Programming Interface  

BEE Basal Energy Expenditure  

BLS Bundeslebensmittelschlüssel (German Nutrient Database) 

CoFID Composition of Foods Integrated Dataset 

CVD Cardiovascular Disease 

DASH Dietary Approaches to Stop Hypertension 

FVNL Fruit, Vegetable, Nut, Legume 

HFI Healthy Food Index 

HSR Health Star Rating 

JSON JavaScript Object Notation 

LIME Local Interpretable Model-Agnostic Explanations 

LLM Large Language Model 

MAE Mean Absolute Error 

MAPE Mean Absolute Percentage Error 

NLU Natural Language Understanding 

NOVA Food Processing Classification System (Monteiro et al.) 

SHAP Shapley Additive Explanations 

T2DM Type 2 Diabetes Mellitus 

TEE Total Energy Expenditure 

USDA United States Department of Agriculture 
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