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A B S T R A C T

Background: The quality of carbohydrate intake, as measured by the glycemic index (GI), has not been evaluated nationally over the past 2 decades in
the United States.
Objectives:We aimed to develop a comprehensive and nationally representative dietary GI and glycemic load (GL) database from 1999 to 2018 National
Health and Nutrition Examination Survey (NHANES) and to examine GI and GL time trends and subpopulation differences.
Methods: We used an artificial intelligence (AI)-enabled model to match GI values from 2 GI databases to food codes from United States Department of
Agriculture, which were manually validated. We examined nationally representative distributions of dietary GI and GL from 1999 to 2018 using the
multistage, clustered sampling design of NHANES.
Results: Assigned GI values covered 99.9% of total carbohydrate intake. The initial AI accuracy was 75.0%, with 31.3% retained after manual curation
guided by substantive domain expertise. A total of 7976 unique food codes were matched to GI values, of which soft drinks and white bread were top
contributors to dietary GI and GL. Of the 49,205 NHANES adult participants, the mean dietary GI was 55.7 (95% confidence interval [CI]: 55.5, 55.8)
and energy-adjusted dietary GL was 133.0 (95% CI: 132.3, 133.8). From 1999 to 2018, dietary GI and GL decreased by 4.6% and 13.8%, respectively.
Dietary GL was higher among females (134.6; 95% CI: 133.8, 135.5) than among males (131.3; 95% CI: 130.3, 132.3), those with �high school degree
(137.7; 95% CI: 136.8, 138.7) than among those with �college degree (126.5; 95% CI: 125.3, 127.7), and those living under the poverty level (140.9;
95% CI: 139.6, 142.1) than among those above the poverty level. Differences in race were observed (Black adults, 139.4; 95% CI: 138.2, 140.7; White
adults, 131.6; 95% CI: 130.5, 132.6).
Conclusions: The national GI and GL database facilitates large-scale and high-quality surveillance or cohort studies of diet and health outcomes in the
United States.

Keywords: glycemic index assignment, glycemic load, national trends, carbohydrate quality, National Health and Nutrition Examination Survey, artificial
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Introduction

The glycemic index (GI) is a classification of the blood gluco-
se–raising potential of carbohydrate-containing foods [1]. The GI of
food is unitless as it is 100 multiplied by a ratio of the blood glycemic
response to 50 g of available carbohydrate in a test food divided by the
blood glycemic response to the same amount of available carbohydrate
as glucose in water. To quantify and standardize dietary glycemic
response from carbohydrate-containing foods, dietary glycemic load
Abbreviations: AI, artificial intelligence; CI, confidence interval; FNDDS, Food and Nut
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(GL) was introduced to characterize the quality and quantity of
carbohydrates-containing foods consumed and their interactions [2].
Decades of metabolic experimental work have quantified metabolic
effects for a large number of carbohydrate-containing foods [3] and
their GI values are widely available in existing datasets [4–6]. These GI
databases have facilitated further epidemiologic studies of disease and
health outcomes concerning dietary GI and GL in selected populations
[3,7–10]. Nevertheless, food GI and GL values have not been
comprehensively and systematically incorporated into national food
rient Database for Dietary Studies; GI, glycemic index; GL, glycemic load; LLM, large
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composition tables or centrally standardized to the national nutrient
databases.

Adopting a rigorous sampling and design strategy, the National
Health and Nutrition Examination Survey (NHANES) represents a
sentinel cornerstone for the health and nutritional status of noninsti-
tutionalized adults in the United States [11]. The wealth of information
gathered through multiple NHANES surveys offers a unique oppor-
tunity to examine diet-health or disease relations among diverse and
nationally representative adult populations over time. In 2001, Ford
and Liu first attempted to derive dietary GI and GL variables for 1
NHANES survey based on an abbreviated food frequency question-
naire (FFQ) with limited food items and investigated their relations
with plasma lipids measured [12,13]. However, the quality of carbo-
hydrate intake, as measured by GI, has not been evaluated nationally
over the past 2 decades when nearly 10,000 different food codes were
used in NHANES surveys (in which 2,260,066 individual food items
were reported in ten 2-y NHANES cycles between 1999 and 2018).
Thus, a complex resolution of 10 NHANES cycles of food codes is
urgently needed to accurately assign and update GI values from
external databases (e.g., the International Tables of GI, the University
of Sydney GI website, and the GI database compiled by the Diogenes
study) [14–16]. To manually match food descriptions across diverse
food codes and multiple databases is a time-consuming task. However,
in this study, we used a novel artificial intelligence (AI)-driven meth-
odology in developing a comprehensive and nationally representative
database of dietary GI and GL for participants across 10 NHANES
cycles. Specifically, we identified and matched food codes with GI
values creating both dietary GI and GL variables and indentifying the
top GL-contributing foods in the United States. We examined the 20-y
changes of GI and GL by covariates (sex, BMI, physical activity, age
group, race and ethnicity, educational level, and family income to
poverty ratio) and determined changes in GI/GL by cycle of NHANES
from 1999 to 2018.

Methods

Extraction of USDA food codes from NHANES
Conducted by the National Center for Health Statistics of the United

States Centers for Disease Control and Prevention (CDC), NHANES
uses a 4-stage, stratified, sampling design to ensure national represen-
tativeness of the civilian noninstitutionalized population. A full
description of the design and data collection methods have been pub-
lished elsewhere [17,18]. During the informed consent process, survey
participants are assured that the data collected will be used only for stated
purposes and will not be disclosed without consent. In brief, NHANES
uses a validated protocol of 24-h dietary recalls as the primary method of
dietary exposure assessment. This study uses 10 NHANES cycles
spanning 1999–2018, where one 24-h recall was used in NHANES
1999–2002, and two 24-h dietary recalls were used from 2003 to 2018,
which have been validated for estimating total energy intake, macro-
nutrients, and micronutrients [18,19]. However, in a validation study, it
was found that for normal-weight participants, underreporting of energy
intake was minimal whereas for participants with obesity, underreporting
was higher [17]. The recalls include information specific to each food
and beverage consumed as eaten (included as directed on food pack-
aging), the recall day, and the overall diet (i.e., type, sources, brand
name, amount, combinations, meal timing and occasions) [20]. The
race/ethnicity variable was derived from survey responses of participants
who would self-identify as Mexican American, Other Hispanic,
non-Hispanic White, non-Hispanic Black, or non-Hispanic multiracial.
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The dietary intakes contained a 9628 unique USDA food codes, of
which 8055 food items contained>5 g of available carbohydrates were
considered for the assignment of GI values [21]. Of these, food de-
scriptions could be retrieved for 7976 food codes (Supplemental
Figure 1). Of the NHANES 1999–2018 participants, 49,205 adults (23,
702 males and 25,503 females) had complete and valid dietary infor-
mation (total energy intake 600–5000 kcal/d for males and 600–4500
kcal/d for females), and were included in this study.
Data source of food GI values
Food descriptions and GI values were extracted using the Interna-

tional Tables of Glycemic Index and Glycemic Load values (Interna-
tional Table) as the primary data source [15] for 4018 items with 3595
unique descriptions. New releases of GI values are updated on the
website maintained by the same research group at the University of
Sydney [16]. GI assignments were primarily from the International
Table 2021, which is the latest edition of a series of globally recognized
data sets that are used as the major source of food GI and GL values in
research and other applications. To increase the number of potential
matches, we used both of the International GI Tables, which differ in
how rigorously studies applied the international standards of operation
for GI testing. In addition, GI values assigned by the Diogenes (Diet,
Obesity and Genes) study, a pan-European multicentre intervention
study, were retrieved from an open-source project along with their food
descriptions and English translations [22]. The systematic approach of
GI assignment within the Diogenes study was largely based on pub-
lished values and those measured within various participating study
centers [6]. This database consisted of 18,808 entries, encompassing
7405 unique English translations. In the study, researchers tested many
unique foods that complemented the International GI Tables, allowing
for matches to be found for foods described in the USDA food codes.
These 2 sets of GI values were aggregated, yielding a combined GI
database of 10,978 unique food code descriptions (after the removal of
22 duplicates) to be assigned to 7976 USDA food codes.

For each NHANES cycle, the USDA releases Food and Nutrient
Databases for Dietary Studies (FNDDS) with evolving versions [23].
We used FNDDS 1.0, FNDDS 2.0, FNDDS 3.0, FNDDS 4.1, FNDDS
5.0, FNDDS 2011–2012, FNDDS 2013–2014, FNDDS 2015–2016,
and FNDDS 2017–2018 to resolve unique food codes used between
1999 and 2018 [24]. The FNDDS database has a classification scheme
wherein the first 4 digits of the codes represent a category of food, and
the subsequent digits specify the food further. Of 8055 relevant food
codes, 7976 unique and mutually exclusive food codes could be
resolved with the FNDDS databases and were assigned food de-
scriptions. The unresolved or missing food codes were not indexed in
the USDA FoodData Central website and were not included (n ¼ 79).

Recent progress in natural language processing and especially
vector embeddings for large language models (LLMs) prompted us to
use the leading embedding model from OpenAI for the AI-supported
automation of GI assignment. Specifically, the “text-embedding-ada-
002” model [25] from OpenAI’s API was used to calculate text em-
beddings for all food descriptions. Represented as 1536-dimensional
vectors, these embeddings encode the description string from the first
character to the second occurrence of a “,” character. Cosine similarity
[26] was used as a measure to gauge the similarity of vector embed-
dings, with larger values representing greater similarity (Figure 1).
USDA food description embeddings could thus be compared with GI
database food description embeddings, creating an association between
the 2 entries and thereby automatically assigning GI values to USDA
food codes. For manual verification, a table was generated that



FIGURE 1. Illustration of the artificial intelligence (AI)-enabled alignment process of USDA food descriptions with GI database descriptions. In the first step,
description strings are encoded through an AI model into vectors. Pairwise similarity scores are then calculated between all GI database vectors and USDA
vectors. Decoding is used to select the maximum in each row of the resulting similarity matrix, which provides the mapping between GI database descriptions
and USDA food descriptions. GI, glycemic index.
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included the USDA food name, food frequency, food code, AI-matched
GI database food name, GI value, and cosine similarity [20]. A more
in-depth demonstration of this process is described in Supplemental
Table 1.
Manual verification of automatically assigned GI values
for USDA food codes

The automatic GI assignment helped to achieve the challenging task
of making initial GI assignments to 7976 USDA food codes. Addi-
tional manual verification of 2 independent reviewers included updates
of averages and meal composite GI scores. For the remaining incor-
rectly AI-assigned descriptions, a systematic stepwise procedure was
used for assigning GI values (Supplemental Figure 2).

Some carbohydrate foods had multiple entries and values in the GI
tables but were AI-assigned to only 1 possible match. In these cases, a
mean GI value was calculated from all entries of the same food type
(step 2 of Supplemental Figure 2B). For example, instant mashed po-
tatoes had multiple values listed, which we averaged to 84 (for a
summary of food items with averaged values assigned, see Supple-
mental Table 2). If food descriptions were closely related but not
identical, the items with similar carbohydrate quality (i.e., types of
carbohydrates, fiber, preparation method, and degrees of processing)
were selected, as guided by substantial domain expertise. For mixed
foods that lacked tested mixed-food matches or only had estimated
mixed-food values (as estimated by Diogenes researchers), GI scores
were calculated by summing the weighted GI value of the component
foods using the established formula [27,28]. This calculation was done
for 32% of the food codes. The only mixed foods that we did not
calculate mixed GI values for were those that were formally tested and
reported in the International Tables. For certain commercial food de-
scriptions not found within the GI databases, an assignment to a similar
general food group was made (e.g., various cocktails and liquors to the
general group of “spirits” as found in the Diogenes database). For
various unlisted brands of energy drinks, a mean of sugary drinks with
similar contents was calculated. For foods with very low (<5 g
available carbohydrate) or no carbohydrates, a GI value of 0 was
assigned following the International GI Tables [15,29]. These included
plain meat, poultry, and fish items (unbreaded and not in sauces), fat-
s/oils, egg, unprocessed cheese, tea/coffee (unsweetened), high-fat/or
high-acidic dressings, sugar-free/artificially sweetened beverages,
seeds (e.g., flax and sesame), vinegar, lime juice, and certain sauces
(soy, peanut, and fish). Most of these foods were also removed in the
first step (i.e., available carbohydrate content �5 g) (Supplemental
Figure 2). After the manual verification of GI average updates, more
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accurate matching, and meal composite GI scores, 31.3% of
AI-assigned values were retained.
Calculating the dietary GI and GL
The calculation of dietary GI and GL has been described previously

[30]. In brief, the dietary GL was computed by multiplying the avail-
able carbohydrate content of each food item by its respective GI (the
multiplication means that a higher GI will have a greater effect at higher
carbohydrate intakes). We then summed these products across all foods
consumed by a participant on a given day to produce the dietary GL.
This measure essentially matches available carbohydrate contents gram
by gram and, thus, reflects the overall quality of carbohydrate intake in
a whole diet. The majority of participants had 2 d of dietary data for
which dietary GI values were averaged. We subtracted dietary fiber as
unavailable carbohydrate from total carbohydrate to provide estimates
of available carbohydrates. Dietary GI, a variable representing the
overall quality of available carbohydrate intake for each participant,
was created by dividing the dietary GL by the daily available carbo-
hydrate intake [31]. The dietary GI and GL were calculated using
formulas where GIx is the glycemic index and gx is the amount of
available carbohydrates in grams of food x as follows (see Liu et al.
[30] for details):

Dietary GL¼
Pn

x¼1
GIx*gx

100

Dietary GI¼
Pn

x¼1
GIx*gx

Pn

x¼1
gx

Calculate 20-y weights for NHANES
We applied the National Center for Health Statistics recommended

weighting scheme to account for the varying sampling designs and
survey cycles [32,33]. For each participant in the merged data set, the
20-y weight was calculated for NHANES cycles 1999–2003 according
to:

Dietary 20 y weight¼ 2
10

*Dietary 4 y sample weight

For cycles 2004–2018:

Dietary 20 y weight¼ 1
10

*Dietary 2 y sample weight



TABLE 1
Top 20 contributors of carbohydrate and respective percentages of total
available carbohydrate and their GI values in the United States, from 1999 to
2018
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In this study, the dietary 2- and 4-y sample weights are variables
provided by NHANES. The denominator scales each weight with
respect to the the number of cycles, that is, a 4-y weight contributes 4 of
the 20 and each 2-y weight 2 of the 20 to the dietary 20-y weights.
Food % of Total
available
CHO

Cumulative %
of total
available
CHO1

Weighted
average GI2

(GI for
glucose ¼
100)

Soft drinks 9.5 9.5 64
White bread 4.6 14.1 77
Pizza 3.1 17.2 52
Other fruit juice/drink 2.6 19.8 64
Energy adjustment: residual method
To account for the variability in energy intake among participants,

all dietary values were adjusted for energy intake using the residual
method [34]. We considered as a population mean the regression model
value for a 2097.2 kcal energy intake, which was the weighted mean of
all included participants aged 19 y and older with complete dietary
information.
Milk 2.5 22.3 30
Rice 2.3 24.6 70
Wheat bread 2.2 26.8 67
Ice cream 1.9 28.6 60
Orange juice 1.9 30.5 52
Banana 1.7 32.2 62
Spaghetti/pasta and tomato
sauce

1.6 33.8 42

Sweetened tea 1.5 35.3 43
Beer 1.5 36.8 89
Potato (French fries) 1.4 38.3 75
Tortilla (corn or wheat) 1.4 39.6 33
Corn chips and snacks 1.2 40.8 65
Sugar (table and powdered) 1.2 42.1 68
Apple (raw, sauce,
processed)

1.0 43.1 39

Cheeseburger/hamburger 1.0 44.1 57
Cake 1.0 45.0 48

Abbreviation: GI, glycemic index.
1

Calculation of subpopulation means and confidence
intervals

All population means and 95% confidence intervals (CIs) were
calculated using the R survey package. Taylor series linearization was
used to calculate the weighted means and SEs using the dietary sample
weights, masked variance units, and strata [35]. Masked variance units
are constructed by aggregating secondary sampling units into
pseudo-PSUs and pseudostrata to protect participant confidentiality
while allowing for accurate variance estimation from the complex
survey data without using the true design variables. CIs were obtained
by either adding or subtracting 1.96 multiplied by the SEM from the
population means. For 2-y single-cycle analyses, dietary weights were
used, for all analyses covering 10 cycles the 20-y dietary weights (as
calculated in “Calculate 20-y weights for NHANES” section) were
used.
Running sum over percentage of the total available CHO column. Similar
reported food items grouped into 20 general categories to show main carbo-
hydrate contributors.
2 Glucose as reference.
Calculation of GI and population intake means for food
groups

Similar foods were grouped together in Tables 1 and 2 based on
food code similarity (i.e., same first 5 digits in food codes) or manual
assignment (e.g., “roll, white, soft” as “white bread”) (Supplemental
Tables 3 and 4). For each food in a food group, the available carbo-
hydrates were weighted with NHANES 20-y weights. The percent
consumption of carbohydrates is the contribution of the available
carbohydrates from a given food group to the total available carbo-
hydrate intake. For each food group, the weighted average GI value
was calculated as follows:

Weighted average GIfood group ¼
Pn

x¼1
GIx *W20x

Pn

x¼1
W20x

;

where x is a food intake in the NHANES data set with a food code belonging to
the food group in question, GIx is the GI value assigned to that food code, and
W20x the NHANES 20-y weight assigned to the reporting individual.

Results

The AI-driven procedure for alignment of GI values to foods
specified to NHANES 1999 to 2018 had an initial accuracy of 75% and
was followed by manual quality control (reducing the AI assignment to
31.1%), resulting in 7976 foods having assigned GI values.

A total of 150,307 daily food reports were augmented with assigned
GI values and dietary GI and GL values were calculated for each
participant. In total, GI values were assigned to 99.4% of all food items,
covering 99.9% of total carbohydrate intake.
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To characterize the main foods in the United States diet that
contribute to available carbohydrate, Table 1 presents the top 20 car-
bohydrate sources consumed and their GI values (for the top 50 car-
bohydrate foods, see Supplemental Table 3). These 20 foods account
for 45.0% of total available carbohydrates consumed. The top 20 foods
with the highest GLs and the cumulative total GLs are listed in Table 2.

Table 3 presents mean dietary GI and crude and energy-adjusted
dietary GL values by sex, BMI, physical activity, age group, race
and ethnicity, educational level, family income to poverty ratio, and
cycle of NHANES. Among the 1999–2018 NHANES participants,
49,205 adults, 23,702 males and 25,503 females, had available sample
weights. For these, mean dietary GI was 55.7 (95% CI: 55.5, 55.8;
males: 56.4; 95% CI: 56.2, 56.5; females: 55.0; 95% CI: 54.8, 55.2)
and mean energy-adjusted dietary GL was 133.0 (95% CI: 132.3,
133.8; males: 131.3; 95% CI: 130.3, 132.3; females: 134.6; 95% CI:
133.8, 135.5).

Dietary GL decreased substantially between younger and older age
groups. After adjustment for energy intake, changes in GL were less
pronounced but still tended to decrease with increasing age (decrease of
1.5 in GL every 10 y, P < 0.001), except for in the oldest age group of
70 y or older where GI and energy-adjusted GL values increased.
Looking at differences in race or ethnicity, the highest dietary GI and
energy-adjusted dietary GL were among Black adults (57.3; 95% CI:
57.1, 57.5; 139.4; 95% CI: 138.2, 140.7, respectively) than those
among White adults (55.7; 95% CI: 55.5, 55.9; 95% CI: 131.6; 130.5,
132.6, respectively).



TABLE 2
Top 20 Dietary GL-contributing foods in the United States from 1999 to 2018

Food Total GL1 Cumulative GL2

Soft drinks 10.9 10.9
White bread 5.8 16.6
Rice 3.5 20.2
Other fruit juice/drink 3.5 23.7
Wheat bread 2.6 26.3
Pizza 2.5 28.7
Potato (French fries) 2.2 30.9
Beer 2.1 32.9
Banana 1.9 34.9
Orange juice 1.8 36.7
Sugar (table and powdered) 1.7 38.3
Ice cream 1.6 39.9
Oatmeal (instant and regular) 1.4 41.3
Corn chips and snacks 1.2 42.5
Tortilla (corn or wheat) 1.2 43.7
Spaghetti/pasta and tomato sauce 1.1 44.8
Candy 1.0 45.8
Sweet roll 1.0 46.8
Milk 1.0 47.7
Cheeseburger/hamburger 1.0 48.7

Abbreviations: GI, glycemic index; GL, glycemic load.
1 Total available carbohydrates: GI/100.
2 Running sum over total GL column.
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Dietary GI and GL decreased 5.6 units with each increase in edu-
cation level (P < 0.001). The highest energy-adjusted dietary GL was
among those with a lower education (high school or less: 137.7; 95%
CI: 136.8, 138.7) than those with higher levels of education (college
graduate or above: 126.5; 95% CI: 125.3, 127.7). As the ratio between
family income to poverty income level increased, dietary GI and GL
decreased by 3.6 units per level (P < 0.001). The difference in energy-
adjusted GL of those living under the poverty level (ratio< 1) than that
in those with a ratio of>5 was 140.9 (95% CI: 139.6, 142.1) compared
with 124.7 (95% CI: 123.3, 126.1) (Supplemental Figure 3).

Changes over time were observed between 1999 and 2018 cycles of
NHANES (Figure 2). Dietary GI remained stable between 1999 and
2004 and then steadily decreased until 2018. Energy-adjusted dietary
GL decreased from 1999 to 2004, held relatively stable from 2004 to
2012, then decreased further from 2012 to 2018. Overall, between the
years of 1999–2018, dietary GI decreased by 0.33 units per cycle (P <

0.001) or 4.6% from 56.9 (95% CI: 56.3, 57.4) to 54.3 (95% CI: 53.7,
54.9) and energy-adjusted dietary GL decreased by 2.16 units per cycle
(P < 0.001) or 13.8% from 143.1 (95% CI: 139.9, 146.2) to 123.3
(95% CI: 121.1, 125.5).

Discussion

In this study, we used an innovative AI-enabled model in the first
alignment of GI values to create dietary GI and GL variables for par-
ticipants across 10 cycles of NHANES. The AI initially assigned
75.0% food descriptions correctly. However, guided by domain
expertise, the manual verification process updated many GI assign-
ments for food descriptions. As a result, the final tables contain 31.3%
of AI-assigned GI values. Exploratory analyses revealed substantial
differences for GI and GL across sex, race/ethnicity, education, and
income levels, highlighting the importance of carbohydrate quality for
population health outcomes in the United States. Although this work
could advance the development of targeted nutritional recommenda-
tions for large-scale national surveillance or cohort studies for dietary
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determinants of health outcomes in diverse populations in the United
States, some limitations and the interpretation of these findings deserve
further discussion.

The availability of updated international GI food composition re-
sources that provided data of improved quantity and quality enabled the
achievement of a high degree of exact or close food matching and
assignment of GI values. However, we acknowledge that assigning GI
values to country-specific foods using international data sources could
introduce some sources of error in any database and is a potential
limitation. Indeed, even the same branded foods produced in different
countries may vary in composition and therefore GI values. In addition,
the International Table and online databases may be subject to error in
GI values, including within-subject and between-laboratory variations.
However, it has been demonstrated that if the recommended physio-
logic methods were used, the results of GI agreed reasonably well
across laboratories [36,37]. Further, although the GI databases were
extensive, there were still items that were not listed, and in those cases,
estimated values were assigned. Our protocols attempted to minimize
error by identifying foods with high similarity in descriptions, yet ef-
forts to generalize some unlisted brand-specific foods to similar food
groups could introduce bias or error. In addition, although the GI of
some mixed meals were formally tested, we made calculations to
determine the GI of many mixed meals manually, albeit according to
the established method. Finally, as done in other investigations on di-
etary GI/GL, the calculation of available carbohydrates only included
the subtraction of dietary fiber from total carbohydrates and not other
compounds such as unavailable oligosaccharides, modified starches,
and sugar alcohols because analytic data were unavailable. Of note, in
most cases, resistant starch is considered part of the total dietary fiber
content of foods.

The quality of carbohydrates and their nutritional classification
continue to play a significant role in cardiometabolic disease devel-
opment. In the Global Burden of Disease Study of 195 countries, low
intake of whole grains was the leading dietary risk factor for disability-
adjusted life years among males and females and the leading dietary
risk factor for mortality among females [38]. The causal role of car-
bohydrate quality in disease development has been controversial.
Although previous meta-analyses indicate significant relations between
GI and GL and cardiometabolic disease outcomes, the interpretation of
these findings in the context of the Bradford-Hill criteria is necessary. A
dose–response meta-analysis of prospective cohort studies reported
that diets high in GI and GL were robustly associated with incident type
2 diabetes mellitus (T2D) [8]. They went further in another study to
examine and interpret the causality of this association and found that all
9 of the Hill’s criteria were met for GI and GL in T2D development.
Neither dietary fiber nor whole grains intakes were found to be reliable
surrogate measures for GI and GL [39]. Pooling systematic reviews and
meta-analyses and using Bradford-Hill causality criteria, the Nutrition
and Chronic Diseases Expert Group provided convincing evidence of
the etiologic effects of GL on cardiometabolic outcomes including
coronary artery disease, stroke, and T2D [40]. Assessing the totality
and the highest-quality data globally, a recent meta-analysis of large
and prospective cohorts with over 100,000 participants (6 from the
United States, 1 from Europe, 2 from Asia, and 1 international) found
that the consumption of high GI foods was significantly associated with
increased incidence of T2D, total cardiovascular disease,
diabetes-related cancer, as well as all-cause mortality [41].

Despite the well-established importance of GI and GL in under-
standing the blood glucose–raising potential of carbohydrate-
containing foods, previous assessments have not been comprehensive



TABLE 3
Mean crude and energy-adjusted GI and GL values by sex, age group, ethnicity, educational level, family income to poverty level, and cycle for NHANES
participants: 1999–2018

n % Dietary GI Dietary GL

Mean (crude) 95% CI Mean (crude) 95% CI Energy-adjusted mean 95% CI

All 49,205 100. 55.7 55.5, 55.8 133.0 132.1, 134.0 133.0 132.3, 133.8
Males 23,702 48.2 56.4 56.2, 56.5 152.8 151.4, 154.2 131.3 130.3, 132.3
Females 25,503 51.8 55.0 54.8, 55.2 114.8 113.7, 115.8 134.6 133.8, 135.5
BMI (kg/m2)
<25 14,674 29.8 56.1 55.9, 56.3 137.5 135.8, 139.1 136.8 135.7, 137.9
�25 to < 30 16,213 32.9 55.6 55.4, 55.8 133.7 132.2, 135.3 132.2 131.2, 133.2
�30 17,550 35.7 55.3 55.1, 55.5 128.8 127.4, 130.3 130.3 129.3, 131.3

Physical activity: yes 23,435 47.6 55.4 55.2, 55.5 134.1 132.9, 135.3 130.5 129.6, 131.4
Physical activity: no 12,313 25.0 56.1 55.9, 56.3 137.6 135.7, 139.4 135.6 134.3, 136.8
Age (y)
20–29 8222 16.7 56.3 56.0, 56.6 147.5 145.2, 149.8 138.6 137.0, 140.1
30–39 8001 16.3 55.8 55.5, 56.0 144.5 142.2, 146.8 134.5 132.9, 136.0
40–49 7941 16.1 55.4 55.2, 55.7 135.6 133.6, 137.6 130.6 129.2, 132.0
50–59 7153 14.5 55.3 55.1, 55.6 126.5 124.5, 128.5 128.8 127.4, 130.1
60–69 7802 15.9 55.1 54.8, 55.4 117.5 115.7, 119.3 128.4 127.1, 129.7
�70 8332 16.9 55.8 55.6, 56.0 111.7 110.3, 113.2 135.1 134.2, 136.0

Race and ethnicity
Mexican 8830 17.9 53.4 53.1, 53.7 132.6 130.3, 135.0 129.9 128.5, 131.3
Other Hispanic 4003 8.1 55.4 55.1, 55.8 133.0 130.2, 135.7 138.3 136.6, 140.1
White 21,844 44.4 55.7 55.5, 55.9 133.0 131.7, 134.3 131.6 130.5, 132.6
Black 10,310 21.0 57.3 57.1, 57.5 135.8 133.7, 137.8 139.4 138.2, 140.7
Other or multiracial 4218 8.6 55.6 55.2, 56.0 129.4 127.0, 131.9 137 135.1, 139.0

Educational level
High school or less 23,526 47.8 56.4 56.2, 56.6 134.2 132.7, 135.7 137.7 136.8, 138.7
Some college 13,511 27.5 55.6 55.4, 55.8 133.1 131.7, 134.6 132.0 131.0, 133.0
College graduate or above 10,356 21.0 54.6 54.3, 54.8 129.7 127.8, 131.7 126.5 125.3, 127.7

Ratio of family income to poverty level
<1 9337 19.0 56.2 55.9, 56.5 136.5 134.3, 138.8 140.9 139.6, 142.1
�1 to <2 11,974 24.3 56.2 55.9, 56.4 134.7 133.0, 136.4 138.6 137.5, 139.7
�2 to <3 6983 14.2 56.1 55.8, 56.4 134.3 132.0, 136.5 134.6 133.2, 136.0
�3 to <4 5154 10.5 55.9 55.6, 56.2 135.1 132.5, 137.8 132.8 131.2, 134.4
�4 to <5 3684 7.5 55.2 54.8, 55.5 133.1 130.3, 135.9 129.3 127.2, 131.3
�5 7903 16.1 54.9 54.7, 55.2 129.1 126.9, 131.2 124.7 123.3, 126.1

NHANES cycles: 1999–2018
1999–2000 4325 8.8 56.9 56.3, 57.4 146 141.1, 150.8 143.1 139.9, 146.2
2001–2002 4828 9.8 57.1 56.8, 57.4 147.7 144.0, 151.5 142.6 140.2, 145.0
2003–2004 4287 8.7 56.7 56.3, 57.2 140.4 137.3, 143.5 136.9 133.9, 139.9
2005–2006 4683 9.5 56.4 55.9, 56.9 136.4 132.7, 140.1 135.2 132.7, 137.7
2007–2008 5459 11.1 56.1 55.7, 56.5 133.5 130.3, 136.7 135.6 133.1, 138.2
2009–2010 5834 11.9 55.8 55.5, 56.0 133.7 131.4, 136.1 134.2 133.0, 135.5
2011–2012 4880 9.9 55.6 55.3, 55.9 134.6 132.7, 136.5 133.5 131.7, 135.4
2013–2014 5086 10.3 54.8 54.5, 55.1 126 123.7, 128.3 128.3 126.6, 129.9
2015–2016 5062 10.3 53.9 53.5, 54.3 120.6 117.9, 123.3 123.8 121.7, 125.9
2017–2018 4761 9.7 54.3 53.7, 54.9 121.1 118.2, 123.9 123.3 121.1, 125.5

Abbreviations: BMI, body mass index; CI, confidence interval; GI, glycemic index; GL, glycemic load.
Values are weighted means and 95% CIs. Family income to poverty ratio: a ratio of <1 means that the income is less than the poverty level, and when the ratio is
>1, this indicates a higher income than the poverty level. Education level is for adults aged older than 20 y. Physical activity is classified as yes/no for adhering to
the federal Physical Activity Guidelines for Americans for participating in �150 min of moderate-intensity aerobic activity per week. GL was energy adjusted to
2097 kcal.
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at the national level. In 2001, Ford and Liu [12], used an FFQ to es-
timate dietary GI and GL for adults who participated in the third Na-
tional Health and Nutrition Examination Survey (1988–1994) and
reported a higher mean GI (81.3) and GL (141.8) values using white
bread as the reference standard. Using glucose as the reference, the
mean dietary GI and GL values were comparable with another
NHANES study of only 2 cycles (2003–2006) using two 24-h dietary
recalls (overall mean dietary GI of 56.2 and GL of 138.1) [20]. National
dietary GI and GL values tended to decrease over time in our study.
This is comparable with a previous NHANES trends analysis that re-
ported decreases in low-quality carbohydrates (primarily added sugar)
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and increases in high-quality carbohydrates (primarily whole grains)
and plant protein between 1999 and 2016 [42]. However, the propor-
tion of energy intake from low-quality carbohydrates was still high at
42%. In our study, significant disparity existed for dietary GI and GL
across sex, race/ethnicity, education, and income levels, highlighting
the importance of improving carbohydrate quality for population health
outcomes in the United States. A study of the macronutrient ratios as
well as micronutrient contents reported at different levels of GI/GL
would help elucidate other aspects of the overall dietary pattern beyond
carbohydrate quality. The creation of this GI database will allow such
in-depth analyses to be conducted.



FIGURE 2. Dietary GI and energy-adjusted dietary GL changes across 10 NHANES cycles. GI, glycemic index; GL, glycemic load.
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Examining changes over time in other countries, a Brazilian na-
tional study found that the proportion of individuals reporting fiber-
rich, low-GI foods such as beans and fruit decreased between 2008
and 2018 [43]. In addition, it was reported that carbohydrate quality
was reduced among adolescents and in rural areas over 10 years in
Brazil [44]. Changes in dietary GI and GL in Australian adults were
assessed through national nutrition surveys between 1995 and 2012
[45]. Overall, they reported that dietary GI and GL decreased by 5%
and 12%, respectively (GI: 56.5 � 6.2 compared with 53.9 � 6.8; GL:
153.3 � 62.1 compared with 135.4 � 58.5). These changes in dietary
GL are very similar to our analysis in which energy-adjusted dietary
GL decreased by 13.8% from 143.1 (95% CI: 139.9, 146.2) to 123.3
(95% CI: 121.1, 125.5) between 1999 and 2018.

Recent advancements in LLMs [46] have enabled significant
progress in natural language processing, allowing for large-scale
analysis and the generation of human-like text. This study demon-
strates that leveraging vector embeddings, components of LLMs that
convert text into multidimensional numerical representations [47], can
aid in the tackling of complex challenges encountered in epidemiologic
research. Specifically, vector embeddings capture relationships and
patterns within texts. By applying similarity measures [48] to quantify
the likeness between data points, we were able to align 2 large data-
bases, for the first time, to our knowledge, demonstrating that the recent
progress in LLMs can be successfully implemented in epidemiologic
studies of multiple diverse populations, especially when guided by
substantive domain expertise. In this study, our observations included
many group comparisons, which is of primary importance in epide-
miologic assessment and interpretation.

In conclusion, this study marks the creation of the first national GI
database with associated dietary GI and GL derived from 10 cycles of
nationally representative surveys in the United States. Our approach
extends the applicability of description mapping and advances the
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methodology for incorporating GI and GL values into large-scale da-
tabases of diverse surveys and cohorts. With the wealth of well-
characterized individual phenotypes of health status spanning 10
NHANES cycles from 1999 to 2018 now augmented with dietary GI
and GL, the groundwork is laid for continued monitoring of the
nutritional classification of dietary carbohydrates as well as for in-depth
and prospective assessment of the impacts of their glycemic and
metabolic potentials on cardiometabolic health or disease outcomes in
the United States.
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