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ABSTRACT

Background: Large language models (LLMs) have emerged as promising tools for estimating energy and nutrient values, yet most existing
evaluations focus on image-based queries rather than text-based queries. Few studies compare LLM estimates with reference databases
commonly used in nutrition research.

Objectives: This study aimed to examine agreement between LLM estimates and a research food composition database for energy and
nutrients and to determine if agreement varies by food group.

Methods: We conducted a cross-sectional analysis of energy and nutrient estimates for frequently consumed food items in the United
States. Food items were entered as text prompts into 4 LLMs (ChatGPT 5.2, Claude Opus 4.5, Gemini 3 Pro Preview, and Llama 4 Maverick),
which provided energy and nutrient estimates. Corresponding foods were matched to the Nutrition Coordinating Center Food and Nutrient
Database, and agreement between LLM and database values was assessed using intraclass correlation coefficients and Bland-Altman an-
alyses. Agreement was also evaluated within the 3 most frequently consumed food groups.

Results: Agreement was high for energy and macronutrients for all LLMs. Variability was observed for several micronutrients, particularly
vitamin D, folate, and iron. Claude Opus 4.5 showed consistently high agreement, with no nutrients classified as poor. Other LLMs
exhibited poor agreement for >1 micronutrient. Certain food categories, including condiments and mixed dishes, contributed dispro-
portionately to variability. However, agreement remained high within the most frequently consumed broader food groups.
Conclusions: LLMs show promise for estimating energy and macronutrients. However, performance for micronutrients requires further
improvement and may affect overall dietary assessment.

Keywords: dietary assessment, mobile health, reliability, artificial intelligence, Nutrition Care Process, just-in-time adaptive interventions

Introduction

Noncommunicable diseases such as obesity, diabetes, and
cardiovascular disease are partially managed through adherence
to high-quality dietary patterns that meet individual energy
requirements [1]. Nutrition interventions designed to improve
dietary habits are increasingly focused on delivering support at

the right time and with an appropriate level of intensity [2,3].
These just-in-time adaptive interventions (JITAIs) are frequently
implemented through digital health platforms [4-6]. Growing
interest has emerged in the application of artificial intelligence
(AI) to deliver JITAIs, reflecting Al systems’ capacity to 1)
process user inputs, 2) identify behavioral patterns, 3) generate
personalized feedback, and 4) support preference-tailored
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conversational interactions [7-9]. The effectiveness of these
interventions depends on reliable dietary assessment to deter-
mine the appropriate timing and level of support [10].

Dietary assessment methods can identify diet patterns,
nutrient gaps, and behavioral habits that signal when an inter-
vention is needed [11]. The Nutrition Care Process provides a
structured framework to improve dietary intake and places
equal emphasis on assessment and intervention [12]. Evidence
from earlier digital health tools demonstrates that
self-monitoring features support behavior change, but their
impact partly relies on the reliability of the food and nutrient
data [13-16]. Before the emergence of Al conversational sys-
tems, commercial mobile health apps relied on structured diet
tracking features that drew from proprietary and open-source
food composition databases [17]. Researchers have reported
that nutrient estimates vary across mobile health applications
and across food groups compared with a reference database [17,
18]. Further examination determined that this variability con-
tributes to differences in the underlying food composition da-
tabases used by these applications. The quality and transparency
of these databases vary across applications, and discrepancies in
database content contribute to differences in nutrient values. As
interest in Al-supported nutrition interventions grows, similar
evaluation of nutrient estimates generated by large language
models (LLMs) against established reference databases is war-
ranted before implementation.

As a type of Al conversational tool, LLMs can generate timely
dietary guidance, as well as energy and nutrient estimates from
reported food intake [19-22]. These models are trained on large
datasets to capture basic patterns, in addition to reinforcement
learning from human feedback to provide accurate,
evidence-based guidance [23-25]. Dietary assessment research
using Al has primarily focused on image-based methods to es-
timate dietary intake. Prior studies have designed and trained
open-source multimodal LLMs to identify and categorize foods
[26-28]. Relatively fewer studies have evaluated the agreement
of popular closed-source conversational models with established
food composition databases, especially for text-based queries
[29-33]. Closed-source models are proprietary systems devel-
oped by commercial entities, and details such as training data
and model architecture are not publicly accessible. Evaluating
closed-source LLMs using text-based queries, or prompts, is
crucial as this format closely reflects real-world use in clinical
and health settings [34]. This approach allows for more prac-
tical performance assessment and helps establish benchmarks
for their use in specialized domains, thus guiding future devel-
opment and validation. Systems such as Chat Generative Pre-
trained Transformer (ChatGPT; OpenAl), Gemini (Google), and
Claude (Anthropic) are marketed as being user-friendly and
accessible with a large user base [35-40]. Yet, there is limited
transparency about the quality of the training data and under-
lying model architecture that informs the dietary output.

An additional consideration when evaluating the perfor-
mance of these models is whether estimations differ by food
group. Prior studies evaluating Al-supported dietary assessment
have reported energy and nutrient values for an overall meal,
rather than examining agreement at the food-item level
[29-33]. Item-level analyses allow the opportunity for more
granular investigation into potential sources of variability in
LLM estimates. We hypothesize that certain categories of foods

The Journal of Nutrition 156 (2026) 101712

may be more susceptible to inaccurate nutrient estimation,
given differences in nutrient composition across food groups
[41]. The primary objective of the current study was to inves-
tigate the agreement between energy and nutrient estimates by
LLMs and a research-based food composition database using
commonly consumed foods in the United States. A secondary
objective was to evaluate how model performance varied across
food group categories.

Methods

Study design

This cross-sectional study used data from What We Eat in
America (WWEIA), the dietary intake component of the
NHANES [42]. Participants were asked to complete <two 24-h
dietary recalls, with the first one conducted in-person at the
Mobile Examination Center and the second one administered by
phone on a nonconsecutive day. Collectively, these recalls pro-
vide population-level estimates of dietary intake. The WWEIA
dietary data include an “Individual Foods” file containing
line-by-line records of all foods and beverages consumed in the
previous 24 h and a “Total Nutrient Intake” file aggregating
daily energy and nutrient intake. Nutrient values are derived
using the Food and Nutrient Database for Dietary Studies, which
provides the nutrient composition for each reported food code.
Because NHANES dietary intake data are publicly available and
deidentified, this study did not require institutional review
board approval.

Identification of most frequently consumed foods in
the United States

Data from the NHANES 2017 to March 2020 prepandemic
cycle were used in the current analyses [43]. Most frequently
consumed foods were identified using day 1 dietary recall data
to avoid disproportionate weighting of participants with 2 re-
calls. Each food item was summed by frequency and ranked
from most to least frequently consumed. The USDA food codes
reported in the WWEIA dataset were mapped to standardized
food names using the Food Patterns Equivalents Database food
code key. The 200 most frequently consumed items were
selected for analysis to capture a proportion of commonly re-
ported foods in the United States diet while maintaining a
manageable set across models [44]. To refine the list, the pre-
liminary list of foods was reviewed by the primary author to
create a standardized protocol where food items were excluded
only if a more specific type of food was already present in the list
(e.g., “Not Further Specified, NFS”). The removal of the items
was discussed with a registered dietitian before analysis, who
agreed with the changes. This qualitative validation served as a
sensitivity check to determine that the final selection accurately
represented the most common contributors to the United States
diet without redundancy. Six items were removed: “Cheese,
NFS,” “Rice, white, cooked, NS as to fat,” “Milk, NFS,” “Lemon
juice, 100%, NS as to form,” “Salsa, NFS,” and “Bacon, for use on
a sandwich.” The item, “Pork bacon, NS as to fresh, smoked or
cured, cooked,” was retained because it captured multiple
preparation types and reflected broader use.

The final analytic dataset included 194 unique foods (Sup-
plemental Table 1), with report frequencies ranging from 135 to
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11,397 reports for a single day across the study sample. Notably,
bottled and tap water each exceeded 10,000 reports, followed
by brewed coffee (n = 3542). Each item was assigned to a major
food group based on the Nutrition Coordinating Center (NCC)
definitions: “Fruits, Vegetables, Grains, Dairy and Nondairy
Alternatives, Protein (Meat, Fish, Poultry, Eggs, Nuts, Seeds, and
Meat Alternatives), Fats, Sweets, Beverages, and Miscellaneous
Foods” [45]. A “Mixed Dishes” group was created to reflect
dishes that are typically queried as single dishes (e.g., pizza). All
food group assignments underwent a final review by an inves-
tigator with expertise in nutrition.

Extraction of nutrient values from the comparator
database

The 2025 NCC Food and Nutrient Database served as the
comparison database in this study, which was developed by the
NCC, University of Minnesota, Minneapolis, MN. The database
contains ~19,500 food items, 42% of which are branded prod-
ucts [45]. This database was selected for its use in research and
mobile health applications, transparent data sources, and in-
clusion of single ingredients and mixed dishes [46,47]. Each
food item from the final analytical dataset was matched to foods
in the NCC database. Exact or close NCC food equivalents were
identified by a single team member for standardization and
independently verified by a registered dietitian [18]. Exact
matches were defined as items with near-identical descriptors in
both NHANES and NCC database. Close matches accounted for
~9% of the food items; these occurred when the NCC descrip-
tion was less specific than the NHANES options, particularly
regarding fruit juice concentrations or preparation methods for
bread (Supplemental Table 2). For these items, systematic rules
were applied to prioritize the most general version of the food or
beverage. Any discrepancies in food matching were resolved
through consensus discussion (n = 1). Items unavailable as
standalone entries in the NCC database were constructed as
recipes by a registered dietitian using the Nutrition Data System
for Research (NDSR), version 2024. Energy and nutrient values
per 100 g for each food item were extracted and used for anal-
ysis. Nutrients examined included those mandated on the
nutrition facts label and had public health relevance such as
total carbohydrate, total protein, total fat, dietary fiber, total
sugars, added sugars, saturated fat, monounsaturated fat, poly-
unsaturated fat, cholesterol, sodium, vitamin D, calcium, iron,
potassium, and total folate. Trans fat was excluded because
artificial sources have been largely removed from the food
supply [48].

Extraction of nutrient values from LLMs

Four LLMs that were available at the time of this study,
namely, ChatGPT 5.2, Claude Opus 4.5, Gemini 3 Pro Preview,
and Llama 4 Maverick, were evaluated. The first 3 are closed-
source commercial systems, whereas Llama 4 Maverick is an
open-weight model with publicly available weights but limited
transparency regarding training data. All models were accessed
from 13 January, 2026, to 18 January, 2026, through the
OpenRouter platform [35-37,49,50]. The platform’s default
temperature parameter of 1.0 (on a scale of 0.0 to 2.0) was used
to preserve standard model behavior. Each LLM received a
comma-separated values file containing the list of food items,
along with the following initial prompt:
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“You are a nutrition expert. Estimate the nutritional content
for a 100 g serving of each of the top 194 foods in the USA.
Your csv should include: First column with the food item
name. From column 2-15, they should be titled in the
following order, with each row giving the estimated nutrition
value for each food item: Calories (kcal); Total carbohydrate
(g); Total protein (g); Total fat (g); Dietary fiber (g); Total
sugars (g); Added sugars (g); Saturated fat (g); Mono-
unsaturated fat (g); Polyunsaturated fat (g); Trans fat (g);
Cholesterol (mg); Sodium (mg); Vitamin D (mcg); Calcium
(mg); Iron (mg); Potassium (mg); Total Folate (Mcg DFE). In
addition to the above you will be evaluated on the following:
Correctness of nutritional content estimate for the 100 g
serving. Generate the complete CSV for all 194 foods in a
single response, do not stop partway, and do not provide
commentary or additional messages, only output the full
table with all rows and columns as specified.”

This prompt was developed based on the Turn, Expression,
Level of Details, and Role (TELeR) taxonomy and reviewed by
investigators with expertise in prompt engineering [51]. Energy
and nutrient values per 100 g were exported from the LLM
outputs as comma-separated value files. The LLM output used
the provided food names accurately. Therefore, no manual
corrections or adjustments were necessary to match the output
to the original food list. After nutrient estimates were generated,
the following prompt was submitted to request justification
from each LLM about how it derived its estimates:

“Now, please provide the references or data sources used to
generate these nutritional content estimates.”

A clarification prompt was submitted to ChatGPT only, as the
meaning of the term “hand-estimated” was unclear: “What do
you mean by “hand-estimated”? Please provide the references or
data sources you actually used while generating these nutrition
estimates (if none were consulted at generation time, say so
explicitly), and then describe the logic/estimation methodology
you applied.”

Additional details on each model, including reported data
sources and estimation approach, are provided in Table 1.

Statistical analysis

All analyses were conducted in R (version 4.5.2; R Core
Team, 2025) using the readxl, dplyr, tidyr, stringr, irr, ggplot2,
plotly, and htmlwidgets packages [52-60]. Agreement for each
nutrient between LLMs and NCC database was evaluated with a
2-way random effects intraclass correlation coefficients (ICCs)
model to determine absolute agreement for single measures.
This approach was chosen to maximize the generalizability of
the findings by treating the selected LLMs as representative of Al
technology, with the food list as a representative sample of
common dietary choices. Absolute agreement was also chosen as
a more conservative metric than consistency. ICC values were
categorized as excellent (>0.90), good (0.75-< 0.90), moderate
(0.50-< 0.75), and poor (<0.50) [61]. Overall ICCs assessed
agreement across all LLMs and the NCC database to evaluate
intermethod reliability, and pairwise ICCs examined agreement
between each LLM and the NCC database [62,63]. Bland-Alt-
man plots were used to evaluate systematic bias and limits of
agreement for energy, total carbohydrate, protein, and total fat,
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TABLE 1

Data source and estimation logic reported by each large language model
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ChatGPT 5.2

Claude Opus 4.5

Gemini 3 Pro Preview

Llama 4 Maverick

USDA FoodData Central

No real-time database access
Values generated from
internal training patterns
consistent with Nutrition
Facts label formats

Similarities
Differences

Data sources

Similarities
Differences

Estimation
assumptions Assumed a typical United

States version, based macros

on common food patterns,

split natural vs. added sugars

FNDDS (2017-2020)
Branded Foods

FDA labeling/standards (self-
reported)

NCC Food and Nutrient
Database

Manufacturer nutrition
information (selected brands)
USDA technical reports/
Handbook 8 (general)
Dietary Guidelines
2020-2025 (general)
Standard Reference (SR
Legacy/SR)

Trace amounts listed as 0,
adjusted for preparation and
cooking method, added
sugars estimated from

Branded Foods
Standard Reference (SR
Legacy/SR)

Standardized to per 100 g, assumed a generic version of each food

Composite averaging for
broad food descriptions from
a variety of brands, nutrients
assumed absent set to 0

FNDDS (2015-2016)
Manufacturer labels
Peer-reviewed literature
USDA: Added Sugars
Database (Release 1, 2016)
ORAC® Database (Release 2,
2010)

Standard Reference (SR
Legacy/SR)

NHANES (2015-2016)

Direct extraction from
reference databases,
imputation from similar
foods, and statistical

by typical recipes, estimated
fat types and sodium by food
category, assigned
cholesterol only to animal
foods, estimated key
vitamins/minerals from
common sources, set trace
amounts to 0

“typical formulations”

modeling

Abbreviations: FDA, Food and Drug Administration; FNDDS, Food and Nutrient Database for Dietary Studies; NCC, Nutrition Coordinating Center;
ORAC, Oxygen Radical Absorbance Capacity; SR, standard reference, legacy release.

as these macronutrients contribute to total energy content [64,
65].

Food variability was examined for its impact on agreement
between the LLMs and the NCC database. In the Bland-Altman
analysis, food items that fell outside the limits of agreement
were categorized by predefined food groups to identify potential
contributors to variability. ICCs were also calculated for the
most frequently consumed food groups to determine whether
agreement differed by food group for energy. Macronutrients
relevant to each food group were selected based on the pre-
dominant nutrient profile of that group. Supplemental Table 1
lists the food items within each food group to provide context for
the selected nutrients and support these classifications.

Results

The greatest proportion of items was classified in the Grains
group (22%), followed by Beverages (18%) and Fruits (11%).
The smallest proportions were observed in the Miscellaneous
Foods, Mixed Dishes, and Sweets food groups (5% for each
group). Supplemental Table 1 provides the distribution of items
across food groups and the list of food items included in the
analysis. No energy or nutrient data were missing across LLMs.
Four foods not found in the NCC Food and Nutrient Database
were prepared as per recipes in the NDSR software to obtain
nutrient information: 1) iced, brewed black tea, unsweetened; 2)
iced, bottled green tea; 3) iced, brewed black tea, presweetened
with sugar; and 4) white rice, cooked, prepared with oil. The
following sections will describe these results: 1) comparison of

model outputs against the NCC database for baseline accuracy;
2) measurement of agreement and systematic biases in nutrition
estimation; and 3) comparison of model agreement within the 3
most frequently consumed food groups.

When evaluating overall reliability pooled across all 5 sour-
ces (4 LLMs and NCC database), several nutrients demonstrated
excellent agreement: energy; macronutrients including total
carbohydrates, protein, and total fat; fiber; SFAs; and micro-
nutrients including cholesterol, sodium, calcium, and potassium
(overall ICC range: 0.90-0.99). Total and added sugars, MUFAs
and PUFAs, and iron showed good agreement (overall ICC
range: 0.77-0.88). Folate and vitamin D had moderate agree-
ment pooled across all analyzed models and the NCC database
(overall ICC range: 0.50-0.69).

Further analyses evaluated nutrient estimates generated by
each LLM against the NCC database as a clinically relevant
reference standard. Overall, agreement was excellent or good
for energy and most nutrients across models, with poorer
agreement primarily observed for vitamin D, total folate, and
iron. Gemini 3 Pro Preview demonstrated excellent agreement
for energy and most nutrients, with good agreement for MUFAs
and moderate agreement for PUFAs and vitamin D (Table 2);
however, total folate showed poor agreement (ICC = 0.48; 95%
CI: 0.36, 0.58). Claude Opus 4.5 exhibited excellent agreement
for most nutrients and did not demonstrate poor agreement for
any nutrient (Table 2), although agreement ranged from good to
moderate for total and added sugars, MUFAs and PUFAs,
vitamin D, and folate (ICC range: 0.52-0.83). ChatGPT 5.2
showed excellent or good agreement for most nutrients, with
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TABLE 2
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Intraclass correlation coefficients between each large language model and the nutrient coordinating center database’

Nutrient

ChatGPT 5.2

Claude Opus 4.5

Gemini 3 Pro Preview

Llama 4 Maverick

Calories (kcal)

Total carbohydrate (g)
Total protein (g)

Total fat (g)

Dietary fiber (g)

Total sugars (g)

Added sugars (g)
Saturated fat (g)
Monounsaturated fat (g)
Polyunsaturated fat (g)
Cholesterol (mg)
Sodium (mg)

Vitamin D (pug)
Calcium (mg)

Iron (mg)

Potassium (mg)

Total folate (pg DFE)

0.95 (0.93-0.96)
0.89 (0.86-0.92)
0.98 (0.98-0.99)
0.92 (0.89-0.94)
0.97 (0.96-0.98)
0.84 (0.79-0.88)
0.82 (0.77-0.86)
0.90 (0.87-0.92)
0.78 (0.71-0.83)
0.70 (0.62-0.76)
0.95 (0.94-0.97)
0.95 (0.93-0.96)
0.23 (0.09-0.35)
0.86 (0.82-0.89)
0.97 (0.95-0.97)
0.95 (0.94-0.96)
0.44 (0.32-0.55)

0.96 (0.95-0.97)
0.96 (0.94-0.97)
0.98 (0.98-0.99)
0.92 (0.89-0.94)
0.97 (0.96-0.98)
0.83 (0.79-0.87)
0.74 (0.67-0.80)
0.95 (0.94-0.96)
0.84 (0.79-0.88)
0.75 (0.68-0.81)
0.99 (0.98-0.99)
0.97 (0.96-0.98)
0.59 (0.49-0.67)
0.92 (0.89-0.94)
0.96 (0.94-0.97)
0.96 (0.95-0.97)
0.52 (0.41-0.61)

0.95 (0.93-0.96)
0.99 (0.99-0.99)
0.99 (0.98-0.99)
0.90 (0.87-0.93)
0.97 (0.95-0.97)
0.97 (0.96-0.98)
0.90 (0.87-0.93)
0.94 (0.92-0.96)
0.87 (0.83-0.90)
0.72 (0.65-0.78)
0.99 (0.98-0.99)
0.97 (0.97-0.98)
0.66 (0.57-0.73)
0.90 (0.87-0.93)
0.96 (0.95-0.97)
0.96 (0.94-0.97)
0.48 (0.36-0.58)

0.93 (0.91-0.95)
0.88 (0.85-0.91)
0.97 (0.97-0.98)
0.90 (0.87-0.92)
0.92 (0.89-0.94)
0.81 (0.75-0.85)
0.79 (0.72-0.83)
0.92 (0.90-0.94)
0.86 (0.82-0.89)
0.75 (0.68-0.81)
0.98 (0.97-0.98)
0.93 (0.91-0.95)
0.33 (0.20-0.45)
0.85 (0.80-0.88)
0.34 (0.21-0.46)
0.88 (0.84-0.91)
0.48 (0.36-0.58)

Abbreviation: DFE, dietary folate equivalent.

! Values reported are intraclass correlation coefficients (95% limits of agreement). n = 194 food items included in the analysis.

moderate agreement for PUFAs (ICC = 0.70; 95% CIL: 0.62,
0.76), but poor agreement for total folate (ICC = 0.44; 95% CIL:
0.32, 0.55) and vitamin D (ICC = 0.23; 95% CI: 0.09, 0.35).
Llama 4 Maverick demonstrated excellent or good agreement for
energy and most nutrients (ICC range: 0.75-0.98) but had poor
agreement for vitamin D (ICC = 0.33; 95% CI: 0.20, 0.45), total
folate (ICC = 0.48; 95% CI: 0.36, 0.58), and iron (ICC = 0.34;
95% CI: 0.21, 0.46).

Bland-Altman analyses for energy showed patterns consis-
tent with the ICC results. Mean differences ranged from —0.09 to
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3.47 kcal across models (Figure 1). Despite small mean differ-
ences, the 95% limits of agreement were wide and exceeded
+100 kcal. Such limits indicate large variability in individual
food estimates relative to reference values, despite minimal
overall bias. Foods contributing most to this variability were
condiments or discretionary additions, including sauces, dress-
ings, fats, and sugar substitutes (Supplemental Table 3). For
total carbohydrates, mean differences were minimal across all
LLMs, with the largest difference equal to 1 g (Figure 2). The
widest 95% limits of agreement were observed for ChatGPT,

Claude Opus 4.5
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FIGURE 1. Bland-Altman agreement between Large Language Model (LLM) estimated calories and the Nutrition Coordinating Center Food and
Nutrient Database (n = 194 foods). Each point represents a single food item. Models shown in clockwise order are ChatGPT 5.2, Claude Opus 4.5,
Llama 4 Maverick, and Gemini 3 Pro Preview. The blue line indicates the reference line (0 difference), the red line indicates the mean difference,
and the dashed green lines indicate the 95% limits of agreement for each model. ChatGPT, Chat Generative Pretrained Transformer; NDSR,

Nutrition Data System for Research.
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Claude, and Llama, with half-widths ranging from 16 to 26 g.
Several foods contributing to variability in total carbohydrate
estimates overlapped with those identified in calorie discrep-
ancies, particularly Miscellaneous Foods and Mixed Dishes.
Additional variability was driven by foods from the Grains and
Sweets groups. For total fat, mean differences between LLMs and
the NCC database were small and remained below 1 g (Figure 3).
The 95% limits of agreement were +12 to 14 g. Foods contrib-
uting to fat variability mostly overlapped with those contrib-
uting to calorie variability, with the exclusion of artificial
sweeteners, macaroni and cheese, and chewing gum. For total
protein, mean differences were also <1 g (Figure 4). The 95%
limits of agreement ranged from +2 to 3 g. Unlike the calorie
outliers, foods contributing to protein variability were primarily
items within the Meat, Fish, and Poultry and Mixed Dishes
groups.

We also explored agreement by model for energy, carbohy-
drate, protein, and fat estimations within the 3 most frequently
consumed food groups. Fruits and Grains food groups had
excellent reliability with the NCC database for energy across all
LLMs (ICC range: 0.96-1.00). Unlike the other food groups,
Beverages group showed lower ICCs for energy and macronu-
trients for all LLMs, although the agreement remained good (ICC
range: 0.76-0.87). For total carbohydrates, agreement was
excellent for all models except for Llama 4 Maverick (ICC =
0.88; 95% CI: 0.79, 0.93). Total protein and fat demonstrated
excellent agreement for all models in the Grains group. For this
study, protein and fat results were presented for the Grain group
only, as these nutrients are present in meaningful amounts in
grain-based foods. In Fruits and Beverages group, protein and fat
values clustered near zero, which may restrict variability and
influence ICC estimates.
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Discussion

To our knowledge, this study is among the first to investigate
calorie and nutrient agreement between 3 closed-source
(ChatGPT 5.2, Claude Opus 4.5, and Gemini 3 Pro Preview)
and 1 open-weight LLMs (Llama 4 Maverick) with the reference
NCC food and nutrition database using text-based queries. The
food group was further examined as a potential source of vari-
ability between each LLM and the reference database. Model-
specific differences were evident across dietary components.
Claude Opus 4.5 showed no poor agreement across any dietary
components, whereas the other LLMs had poor agreement for
vitamin D, total folate, and/or iron. Bland-Altman analyses
demonstrated that although mean differences were generally
small, limits of agreement were wide for energy and macronu-
trients. Variability was driven largely by condiments, other
discretionary additions, and mixed dishes. Agreement between
each LLM and the NCC database for energy and macronutrients
was similar in each of the 3 most commonly consumed food
groups: Grains, Beverages, and Fruits.

All LLMs investigated in this study had excellent agreement
in energy relative to the NCC database. Although prior studies
largely focused on image-based estimation of meals, our results
suggest similar performance using text-based food queries
[29-33]. The findings for Claude Opus 4.5 agreed with a pre-
vious study reporting that Claude 3.5 Sonnet achieved a strong
correlation with a reference dataset (r = 0.78; P < 0.05) [30]. A
separate study documented a 17% overestimation in calorie
estimation relative to reference values from nutrition labels, but
our Bland-Altman analyses showed no uniform overestimation
for the Claude model [31]. Our ChatGPT 5.2 findings were
consistent with reports of strong associations with reference
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FIGURE 2. Bland-Altman Agreement between Large Language Model (LLM) estimated total carbohydrates (grams) and the Nutrition Coordi-
nating Center Food and Nutrient Database (n = 194 foods). Each point represents a single food item. Models shown in clockwise order are
ChatGPT 5.2, Claude Opus 4.5, Llama 4 Maverick, and Gemini 3 Pro Preview. The blue line indicates the reference line (0 difference), the red line
indicates the mean difference, and the dashed green lines indicate the 95% limits of agreement for each model. ChatGPT, Chat Generative

Pretrained Transformer; NDSR, Nutrition Data System for Research.
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standards but not with reports of nonsignificant associations or
caloric underestimation [29-31,33]. Earlier evaluations of
Gemini models reported overestimation and ranked them as the
weakest model relative to Claude and ChatGPT models [30,31].

Yet, we observed excellent agreement in caloric estimates. To
our knowledge, no prior studies have evaluated Llama for this
purpose, thus precluding comparisons with our results. Meth-
odological differences may account for these conflicting results,
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including our evaluation of more recent model versions, use of
text-based queries rather than images, focus on single in-
gredients and mixed dishes, and comparison with the NCC
database.

Agreement between LLMs and the NCC database ranged from
good to excellent for macronutrients but had more variable re-
sults for micronutrients. Vitamin D, iron, and total folate had
poor ICC agreement in >1 of the models: ChatGPT for vitamin D
and total folate, Gemini for total folate only, and Llama for all 3
nutrients. Similar to a prior image-based evaluation of ChatGPT-
4, we found that ChatGPT 5.2 had lower agreement in esti-
mating folate [29]. Same study also reported a high correlation
for vitamin D estimation, which contrasts with our finding of
poor agreement for ChatGPT. We hypothesize that these dis-
crepancies may partially stem from differences in fortification
practices [66-68]. Vitamin D concentrations vary by brand and
formulation, whereas iron and folic acid differ according to
enrichment status and/or additional fortification. Closed-source
LLMs are trained to generate text based on patterns learned from
large-scale data; they do not provide transparent evidence of
direct lookup from standardized food composition databases.
Therefore, nutrient estimates generated through text prompts
cannot be assumed to reflect deterministic retrieval of defined
database values. In contrast, the NCC database assigns values to
defined food items that often reflect generic food profiles [47].
When nutrient concentrations differ widely across products,
pattern-based estimates may not match the standardized value
assigned to that food. Gemini and Llama cited the use of
different nutrient references (e.g., USDA FoodData Central,
branded food databases, manufacturer nutrition labels). These
references can contain heterogeneous nutrient values for forti-
fied foods, which could influence pattern-based estimates and
contribute to discrepancies with standardized NCC values.
Claude showed no poor agreement for any nutrient, which may
be related to its report that it referenced the NCC database as one
of its data sources (Table 1). Reported data sources should be
interpreted with caution, as LLMs may generate inaccurate or
nonverifiable source attributions [69].

Bland-Altman analyses identified overlapping foods that
contributed to discrepancies in calorie and macronutrient esti-
mates between LLMs and the NCC database. These items con-
sisted mainly of condiments and discretionary additions, most
often within the Fats and Miscellaneous groups, as well as Mixed
Dishes. Higher-fat condiments are energy dense; even small
formulation differences per 100 g result in large differences in
calorie and macronutrient values. Mixed dishes similarly vary in
ingredient composition and relative proportions, further
contributing to discrepancies. The mean bias was small in our
models, suggesting that current LLMs may be helpful for
population-level surveillance of energy and macronutrient
intake where individual errors aggregate toward the mean.
However, the 95% limits of agreement were wide and should be
interpreted with caution for individualized assessment. A single
food item consistently consumed by a patient can significantly
impact the evaluation of one’s diet. This situation is particularly
relevant for condiments and discretionary additions as they in-
crease energy and fat intake by adding kilocalories to increase
palatability [70]. Another study reported that 85% of partici-
pants consumed >1 such item per day, contributing a median of
4% of total energy and 5% of fat intake, with notable
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contributions to vitamin E and sodium [71]. Misestimation of
these foods may affect overall dietary assessment and lead to
inaccurate nutrition advice when LLMs are used to support food
selection [72].

A strength of our study includes the evaluation of text-based
nutrient estimation. This study has focused on image-based
estimation, yet many conversational Al agents also rely on text
input from the user to generate feedback. Evaluating text input
tested a separate capability of current closed-source LLMs and
provides greater understanding of how these systems may
perform in real-world coaching applications. To that end, we
selected multiple currently available closed-source LLMs to offer
a comparative assessment of available tools that consumers and
practitioners may encounter. We also focused on commonly
consumed foods in the United States to strengthen the relevance
and practical applicability of our findings. Lastly, we examined
patterns in specific food types that may explain discrepancies in
energy and nutrients between each LLM and the NCC database.

A limitation of this study is the rapid evolution of LLM
technology may not reflect future model performance with text-
based calorie and nutrient estimation. However, our study
emphasizes the importance of understanding how model archi-
tecture and underlying nutrition data sources influence esti-
mation accuracy. This understanding requires human expertise
and oversight to appropriately interpret and contextualize
model-generated estimates. Our evaluation was conducted at
the food-item level using standardized food codes rather than
complete 24-h dietary recalls or food diaries. This design
allowed for controlled comparison between LLM nutrient esti-
mates and a research-based food composition database, but it
does not capture additional variability introduced by mixed
meals or portion reporting error. Further, we did not conduct
repeated testing in this study to evaluate intramodel variability
across multiple iterations of the same prompt. Previous work has
shown that LLM-generated values can change across iterations,
which may limit reproducibility [73]. Our evaluation reflects a
single-response scenario per query, consistent with common
user interaction. We recommend that further studies account for
the intramodel variability and determine if repeated prompting
influences LLM agreement with standardized food composition
databases. Lastly, this study evaluated several nutrients through
multiple models. It is important to acknowledge that the large
number of statistical tests performed may increase the potential
for type I errors.

As Al becomes integrated into JITAI interventions delivered
through mobile health applications, understanding the accuracy
of underlying models is critical. This study advances digital
nutrition intervention research by evaluating text-based energy
and nutrient estimation across multiple closed-source LLMs with
a standardized nutrition database. Agreement was strong for
energy and macronutrients across models, although variability
emerged for certain micronutrients, particularly vitamin D,
folate, and iron. These findings suggest that the practical
application of LLMs should be tailored to the specific clinical
objective. For energy and macronutrient estimation in self-
monitoring apps or specific JITAI contexts, LLMs may be
acceptable provided that users and practitioners remain aware
of the current limitations regarding micronutrients. For appli-
cations assessing deficiency risks or evaluating fortification
policies, current LLM performance may require manual
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verification by practitioners or integration of retrieval-
augmented generation with verified food databases.

Claude Opus 4.5 demonstrated consistently high agreement
without any nutrients classified as poor, whereas other models
showed poor agreement for >1 micronutrient. Differences in
estimation for all models appeared to be partly driven by spe-
cific nutrients and food types rather than systematic discrep-
ancies in energy estimation. We also identified food categories
that contributed to variability, although agreement remained
strong within the most frequently consumed broader food
groups. Our findings demonstrated the importance of under-
standing underlying data sources and structural assumptions, as
these factors can influence estimation accuracy in LLM outputs.
Because LLM technology is rapidly advancing, these findings
should be viewed as a snapshot of model behavior as of January
2026. Subsequent model iterations may yield different perfor-
mance characteristics. Yet, a key constant remains: rigorous
prompt engineering and query structuring are essential for high-
quality outputs when using closed-source systems lacking
transparent training data. Future research should examine how
prompt engineering and repeated queries influence nutrient
estimation accuracy and agreement in real-world contexts.
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