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ABSTRACT

Background: Suboptimal diet quality contributes to poor health. Numerous factors at all levels of the socioecological model intersect to
influence individuals’ diet quality. A precision public health nutrition framework can be used to understand how these factors jointly shape
diet quality across several subgroups in the population. This is, however, very challenging to operationalize.

Objectives: The purpose of this study was to assess whether machine learning can be leveraged to operationalize a precision public health
nutrition approach by more precisely identifying subgroups with the highest proportion of adults with poor diet quality and the most
important predictors of diet quality.

Methods: We conducted a secondary analysis of cross-sectional data from the 2018 and 2019 International Food Policy Study in Canada (n
= 5093). A total of 42 candidate predictors within 4 domains (sociodemographic characteristics and socioeconomic position; food policies
and environments; food literacy; health-related practices and indicators) were used. The Healthy Eating Index-2015 (HEI-2015) was used
to assess diet quality; tertiles of HEI-2015 scores were defined as the outcome. Conditional inference tree (CIT) and conditional random
forest (CRF) analyses were conducted.

Results: The CIT partitioned the sample into 7 subgroups with different proportions of adults with lower, moderate, or higher diet quality
using 6 predictors. The probability of lower diet quality ranged from 16.9% to 49.9% across subgroups. The subgroup with the highest
proportion of adults with lower diet quality was characterized by individuals confident in using <4 cooking techniques. Based on the CRF
model and conditional variable importance, the 5 most important predictors of diet quality were frequency of food label use, confidence in
using cooking techniques, perceived general health, household food insecurity status, and health literacy.

Conclusions: This study provides evidence that machine learning approaches can be leveraged to operationalize a precision public health
nutrition approach.

Keywords: diet quality, machine learning, conditional inference tree, conditional random forest, precision public health, International Food
Policy Study, Healthy Eating Index

Introduction widely acknowledged that an array of factors at multiple levels
of influence intersect in complex ways to shape individuals’

The majority of adults in high-income countries have sub-  dietary patterns and hence their diet quality [3-5]. In this
optimal diet quality, which substantially increases their risk of ~ Manuscript, we use the term “intersection” in a conceptual sense
developing poor physical and mental health [1,2]. However, to refer to the co-occurrence and mutual influence of social,

some individuals have poorer diet quality than others. It is  €conomic, and behavioral determinants in people’s lived
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experiences [6]. This differs from “interaction,” which is a sta-
tistical term describing how the effect of one variable on an
outcome depends on the level of another. Accordingly, when we
state that factors “intersect,” we refer to their combined pres-
ence and co-occurrence, not to statistical interactions or corre-
lations among predictors.

Although a large number of studies have identified predictors
of diet quality, such as income, education, gender, food prefer-
ences, nutritional knowledge, and food environments [7-14],
only a small number of studies have examined how some factors
(usually 2-3) statistically interact to shape dietary patterns
[15-20]. Reviews have synthesized these empirical findings [5,
21-23] and constructed system maps of these factors that jointly
shape dietary patterns [24]. This literature is useful for identi-
fying specific factors that shape diet quality, along with a small
number of interactions among them, but it provides limited
insight into how numerous factors at various socioecological
levels intersect simultaneously to shape diet quality among
specific population subgroups [3].

A precision public health framework can be used to under-
stand how factors intersect to shape individuals’ dietary pat-
terns, thereby identifying more precise population subgroups at
risk of poor diet quality [25]. Precision public health has been
defined as an approach that “investigates how multiple di-
mensions of social position interact to confer health risk differ-
ently for precisely defined population subgroups according to
the social contexts in which they are embedded, while consid-
ering relevant biological and behavioral factors” [25]. Applied
to the realm of nutrition, the purpose of such an approach is not
to problematize individuals themselves, but to more precisely
identify the contextual origins of their patterns of consumption
to develop more precisely tailored interventions that are specific
enough to be useful in improving their diet quality and reducing
dietary inequities.

A precision public health nutrition approach is, however,
very challenging to operationalize using conventional statistical
techniques [26-28]. For example, parametric regression-based
models (a statistical learning method used for causal or etio-
logic inference) cannot practically accommodate interactions
among many variables simultaneously, are limited in their
ability to handle multimodal data, require a priori hypotheses
about how variables relate to one another, and rely on strict
linearity assumptions that may not be met [27,29-32]. Con-
ducting large numbers of statistical tests also substantially in-
creases the chance of false positive results [26,30,32].
Moreover, their results can be very difficult to interpret [e.g., 26,
30,32]. In this respect, supervised machine learning may offer
key advantages in attempts to more precisely identify popula-
tion subgroups at higher risk of poor diet quality. This is because
these machine learning approaches rely on the ability of algo-
rithms to learn from patterns in the data, without defining a
priori hypotheses, to best predict an outcome [28,33]. Addi-
tionally, many tree-based machine learning approaches can
handle different types of variables (e.g., continuous, ordinal,
and nominal) and yield highly interpretable outcomes [28,34].
This interpretability is a key advantage compared with unsu-
pervised cluster analyses, another conventional approach. For
example, tree-based machine learning approaches and related
ensemble methods produce inherently hierarchical structures
that clarify the relative importance of predictors. This feature is
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absent from cluster analyses and greatly enhances interpret-
ability when many variables are involved [34,35]. Furthermore,
these supervised machine learning approaches can directly
identify combinations of variables that best predict an outcome
[34], whereas unsupervised clustering methods do not use the
outcome variable to guide classification, making them concep-
tually distinct [36]. In this way, supervised machine learning
may provide a novel and useful means of operationalizing a
precision public health approach that seeks to more precisely
identify population subgroups with a high proportion of adults
with poor diet quality [28].

The purpose of this study was to assess whether machine
learning can be leveraged to operationalize a precision public
health nutrition approach. Specific objectives were to more
precisely identify subgroups with the highest proportion of
adults with lower diet quality using a large number of predictors
spanning all socioecological levels in a data-driven way and to
identify the most important predictors of adults’ diet quality. As
such, it is important to note that our focus was on identifying
predictive associations rather than on causal inference.

Methods

Study ethics

The current secondary analysis was approved by the Uni-
versity of Calgary Research Ethics Board (REB21-1307), and the
full International Food Policy Study (IFPS) was approved by the
University of Waterloo Research Ethics Committee (ORE
#21460). All participants provided informed consent prior to
participating and were compensated in accordance with the
panel’s customary incentive structure.

Study design and participants

This study entailed a secondary analysis of cross-sectional
data collected from the 2018 and 2019 IFPS. The IFPS is an
annual online survey of adults aged >18 y living in Canada,
Australia, the United Kingdom, Mexico, and the United States.
Participants living in Canada were invited to complete one 24-h
dietary recall. Participants were randomly drawn from the
Nielsen Consumer Insights Global Panel in Canada to approxi-
mate the population distribution of sex, age, education, and
language. Full details of the IFPS are available elsewhere [37].

Eligible adults received an e-mail invitation containing in-
formation about the study and a unique survey access link.
Surveys were conducted in English or French. The median time
taken to complete the survey was 40 min. Figure 1 displays the
participant flow chart. After removing surveys with poor data
quality (as identified by data quality checks, such as not being
able to correctly name the current month or completing the
survey in <15 min), a total of 4397 and 4107 adults participated
in 2018 and 2019, with a cooperation rate of 67.1% and 60.7%,
respectively [38]. Participants who did not complete a 24-h
dietary recall (n = 2597), had implausible weight or height
(reported height <0.91 m or >2.13 m, or weight <20.41 kg; n =
31) [39], or who reported zero energy intake (n = 30) were
excluded. The 2018 and 2019 samples were combined, and the
2019 data from participants who participated at both time
points were removed (n = 187). This left a total of 5659 par-
ticipants in the initial analytical sample.
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10,790 adults in Canada completed the IFPS
online survey in 2018 or2019

n=2,286 had poor data quality

8,504 adults in IFPS sample

n=2,597 did not complete a 24-
hour dietary recall

n=31 had implansible weight or

n=30 reported zero energy intake

R —

v

height

n=187 participated at both time
points were excluded in 2019

5,659 adults in initial analytical sample

h

n=566 had HEI-2015 scores within
5% of each tertile threshold

5,093 adults in final analytical sample

FIGURE 1. International Food Policy Study (IFPS) 2018 and 2019 flow chart. HEI-2015, Healthy Eating Index-2015.

Data collection

The majority of IFPS questionnaire items were drawn or
adapted from previous national surveys or other research
studies [37]. The questionnaire was pretested with 50 young
adults in Canada using cognitive interviewing methodology. The
surveys are available at www.foodpolicystudy.com.

Candidate predictors

We selected all the variables that were included in the IFPS
that did not directly assess dietary patterns (e.g., frequency of
fast-food consumption) and that displayed variance (e.g.,
shopping for food at a grocery store was not selected, as nearly
everyone reported shopping for food in grocery stores). A total
of 42 candidate predictors were included in our models. Details
on all candidate predictors, including questionnaire items and
how they were operationalized, are described in Supplemental
Table 1.

Candidate predictors were classified into the following 4
domains to enhance comprehension and interpretability: soci-
odemographic characteristics and socioeconomic position
(SEP); food policies and environments; food literacy; and health-
related practices and indicators (Table 1). Notably, the factors
included within these domains spanned all levels of the socio-
ecological model.

Outcome of interest: Healthy Eating Index-2015 scores
Participants self-reported all food and beverages consumed
the day prior to the survey using the validated Automated Self-
Administered 24-Hour Dietary Assessment Tool for Canada
(ASA24-Canada-2016 was used in 2018 and ASA24-Canada-
2018 was used in 2019) [40-44]. The ASA24 is a web-based
tool that guides participants through completing a 24-h di-
etary recall using a modified version of the 5-step Automated
Multiple Pass Method [45,46]. ASA24-Canada was adapted
from the ASA24 to reflect the Canadian food supply [41]. Di-
etary intake data were coded and linked to the Canadian
Nutrient File [47] (2015 version), the Food and Nutrient
Database for Dietary Studies [48], and the United States
Department of Agriculture’s Food Patterns Equivalents Data-
base [49] to estimate intakes of nutrients, food groups, and
other dietary components required to calculate Healthy Eating
Index-2015 (HEI-2015) scores using the National Cancer
Institute simple algorithm [50]. HEI-2015 scores were calcu-
lated based on intakes of adequacy components (i.e., foods to
eat more of, including total fruits, whole fruits, total vegeta-
bles, greens and beans, whole grains, dairy, total protein foods,
seafood and plant proteins, and fatty acids) and moderation
components (i.e., foods to eat less of, including refined grains,
sodium, added sugars, and saturated fats). Scores can range
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TABLE 1 TABLE 1 (continued)
Distribution of candidate predictors among adults who participated in Candidate predictors o Mean (SD)/
the 2018 or 2019 International Food Policy Study (n = 5093) percent
Candidate predictors n Mean (SD)/ Urban/rural residence
percent Urban 4388 86.2
Sociodemographic characteristics and socioeconomic position L Rural 705 138
Age 5093 46.7 (16.0) anguage
G English 4140 81.3
ender h 953 18.7
Man 2421 475 French :
Woman 2621 51.5 Percelvec_lfglccime adequacy
Other identities 51 1.0 \lgef?l, dll cult 223 ZS7 4
Living with child(ren) under the age of 18 " ﬂclu t difficul ’
Yes 1269 24.9 Neither easy nor difficult 1858 36.5
No 3824 75.1 -y o8 2
Educational attainment u er){‘lei;yf di . 1 ’
Less than high school 209 4.1 ousehold food Insecurity status
diploma Food secure 3192 62.7
High school diploma or 1031 20.2 Marginally food Insecure 458 9.0
. Moderately food insecure 823 16.2
equivalent Iv food i 620 12.2
Trade certificate or diploma 1967 38.6 S(lever.e ¥ 1oof 1nsecur1e )
Subjective social status 5093 5.6 (1.9)

from a technical/vocational
school or apprenticeship
training, diploma or

Food policies and environments
Frequency of noticing food labels

certificate from community Never 65 1.3
college or CEGEP (other Rarely. 148 2.9
than trades certificates or Sometimes 467 9.2
diplomas), some university, Often . 1273 25
or university certificate/ All the time . 3140 61.7
diploma below the Frequency of using food labels
bachelor’s level Never 282 5.5
Bachelor’s degree (e.g., BA, 1256 24.7 Rarely. 651 12.8
BSC) Sometimes 1500 29.5
University degree above the 630 12.4 Often ) 1629 32.0
bachelor’s level (e.g., All the time 1031 20.2
master’s, professional Understand food labels
school, doctorate) Very hard to understand 103 2.0
Occupation Hard to understand 384 7.5
Employed 2723 53.5 Neither hard nor easy 1029 20.2
Retired 1075 21.1 Easy to understand 2360 46.3
Student 273 5.4 Very easy to understand 1217 23.9
Unemployed/looking for 217 4.3 Noticed nutrition information in restaurants
work Yes 1162 22.8
Household work/caregiving 467 9.2 No o o 3931 77.2
Long term illness 207 41 Used nutrition information in
Other 131 2.6 restaurants
Race/ethnicity Did not notice or nutrition 4551 89.4
White 3616 71.0 information did not
East/Southeast Asian 452 8.9 influence what I ordered
South Asian 145 2.8 Yes, nutrition information 542 10.6
Black 101 2.0 influenced what I ordered
Indigenous 110 2.2 Looked at Canada’s Food Guide
Latino/American 57 11 In the last month 371 7.3
Arab/Middle Eastern 74 1.5 In the last 6 mo 841 16.5
Mixed/other 538 10.6 In the last year 749 14.7
Born in Canada More than a year ago 1968 38.6
Yes 4182 82.1 Never 1164 22.9
No 911 17.9 Obtained nutrition 5093 0.9 (1.1)
Province of residence information from government
Alberta 519 10.2 or policy-rellated source of
British Columbia 632 12.4 information”
Manitoba 210 4.1 Obtained nutrition 5093 0.5 (0.9)
New Brunswick 122 2.4 informlation from industry or
Newfoundland and Labrador 60 1.2 medlf‘ N
Nova Scotia 167 3.3 Obtained nutrition 5093 0.4 (0.7)
Ontario 1922 37.7 information from health
Prince Edward Island 23 0.5 professional or alternative
Quebec 1307 25.7 health practitioner'
Saskatchewan 131 2.6 (continued on next page)



R. Blanchet et al.

TABLE 1 (continued)

The Journal of Nutrition 156 (2026) 101743

TABLE 1 (continued)

Candidate predictors n Mean (SD)/ Candidate predictors n Mean (SD)/
percent percent
Obtained nutrition 5093 0.6 (0.8) Good 2405 47.2
information from other Very good 1053 20.7
sources’ Excellent 191 3.8
Trust messages from health experts on sugary drinks Perceived mental health
Strongly agree 984 19.3 Poor 338 6.6
Agree 2640 51.8 Fair 839 16.5
Neither agree nor disagree 1136 22.3 Good 1665 32.7
Disagree 237 4.7 Very good 1498 29.4
Strongly disagree 96 1.9 Excellent 753 14.8
Trust messages from the food and beverage industry on sugary drinks Stress level
Strongly agree 248 4.9 Not at all stressful 425 8.3
Agree 809 15.9 Not very stressful 1442 28.3
Neither agree nor disagree 1712 33.6 A bit stressful 2174 42.7
Disagree 1502 29.5 Very stressful 790 15.5
Strongly disagree 822 16.1 Extremely stressful 262 5.1
Noticed educational messages about healthy eating BMI, kg/m? 5093 27.1 (6.3)
Yes 928 18.2 Tobacco use
No 4165 81.8 No 4060 79.7
Ease of finding nutrition information in grocery stores Yes, occasionally 303 5.9
Very hard to find 233 4.6 Yes, every day 730 14.3
Hard to find 960 18.8 Marijuana use
Neither hard nor easy 1851 36.3 I have never used marijuana 3043 59.7
Easy to find 1699 33.4 I have used marijuana but 925 18.2
Very easy to find 350 6.9 not in the last 12 mo
Noticed unhealthy food 5093 2.2 (1.6) Less than once a month 339 6.7
marketing’ Once a month 98 1.9
Food literacy 2 or 3 times a month 123 2.4
Health literacy Once a week 75 1.5
Poor literacy level 767 15.1 2 or 3 times a week 103 2.0
Medium literacy level 1012 19.9 4 to 6 times a week 90 1.8
High literacy level 3314 65.1 Every day 297 5.8
Perceived nutrition knowledge . . . . R .
Not at all knowledgeable 187 3.7 Velllues are unweighted estimates derived ..elfter .1mput1ng m.1ss.1ng data.
A little knowledgeable 1440 28.3 See Supplemental Table 1 for detailed item descriptions and
Somewhat knowledgeable 2232 43.8 scoring procedures.
Very knowledgeable 1063 20.9
Extremely knowledgeable 171 3.4 from O to 100, with a higher score indicating a higher diet
Doctor advised about healthy 5093 0.9 (1.2) quality [50,51]. The HEI-2015 was used in preference to Ca-
Zii%% ence in using cooking 5093 7.2 (2.6) nadian diet quality indices, as the Healthy Eating Food
techniques! Index-2019 had not been released at the time of our analyses
Ability to prepare different 5093 10.3 (2.7) [52].
foods'
Perceived cooking skills
Poor 236 4.6 Analytical methods
Fair 826 16.2 Descriptive characteristics of the sample were assessed using
Good 1930 37.9 proportions and mean + SD. HEI-2015 scores were split into
Very good 1589 31.2 . . . . . . -1
Excellent 512 101 tertiles to avoid assuming linearity, enhance interpretability,
Main household food shopper and capture threshold effects, whereby changes in predictors
Yes 3611 70.9 may have different implications at lower, moderate, and higher
No . 684 13.4 diet quality. Given that HEI-2015 scores were normally
Share equ‘f’uy with other(s) 1798 15.7 distributed (with most scores centered around the middle of the
Fr?\ggcy ol preparing main mea 5125 25 distribution), treating the variable as continuous resulted in
Only for special occasions 229 45 poor predictive sensitivity for individuals at the extremes of
Less than once a week 305 6.0 lower and higher diet quality. Modeling 3 distinct levels of diet
1 or 2 days a week 586 11.5 quality, as opposed to modeling diet quality as a discrete
Some days (3-4 a week) 991 19.5 outcome, improved the stability and interpretability of our
Most days (5-6 a week) 1591 31.2 .. .
Every day 1266 24.9 models. To ensure sufficient variance between subgroups and to

Health-related practices and indicators
Perceived general health
Poor 252 4.9
Fair 1192 23.4

reduce misclassification that may arise from boundary insta-
bility when converting a continuous score into discrete classes,
participants whose scores fell within 5% of each threshold were
excluded. As a result, participants whose HEI-2015 scores fell
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within the 0 to 30th, 35th to 65th, and 70th to 100th percentiles
were classified as having lower, moderate, and higher diet
quality, respectively, and the others were excluded (n = 566),
resulting in a final sample size of 5093 participants.

We used 2 complementary analytical approaches to enhance
rigor. First, we used conditional inference trees (CITs) [53,54], a
data mining approach that can identify combinations of vari-
ables that best predict an outcome [32,33], to identify sub-
groups of adults with lower, moderate, and higher diet quality.
CIT analyses result in inverted “tree” structures depicting pre-
dictors, thresholds, and distinct subgroups of participants who
differ on the outcome of interest [54,55], facilitating interpre-
tation. Second, we used conditional random forests (CRFs) to
identify the most important predictors of adults’ diet quality.
CRFs provide a more generalizable assessment of the relative
importance of predictors than CITs, as they are less prone to
overfitting [54,56,57]. CRFs also have higher classification ac-
curacy than traditional random forests in the presence of highly
correlated predictors, such as socioeconomic characteristics
[58]. Together, CITs and CRFs can be used to explore how fac-
tors intersect in complex, nonlinear ways to shape individuals’
dietary patterns, which is essential for operationalizing a pre-
cision public health nutrition approach.

The CIT method embeds a data-driven statistical testing
framework in a recursive partitioning algorithm for model
building [59]. The algorithm randomly selects a subset of pre-
dictors, identifies the predictor that best differentiates between
the outcomes of interest (i.e., bottom, middle, and top HEI-2015
tertiles), and finds the optimal threshold for this predictor to
split the data into 2 datasets. Simply put, CIT makes binary
splits, and therefore aggregates the categories, to best predict
the outcome. The algorithm repeats this process until no further
splits can be made, given the model’s parameters. The 42
candidate predictors within the 4 domains described in Table 1
were entered into the algorithm. The minimum number of ob-
servations in each terminal node (subgroup) was set to 250 to
ensure public health relevance [60]. We set the number of
variables considered at each split to 14 (one-third of all candi-
date predictors), a choice that increases diversity across trees
while reducing the influence of any highly predictive variables.
Accordingly, at each node, the algorithm randomly selected a
subset of 14 predictors, evaluated their ability to separate the 3
tertiles, and chose the most discriminating feature for the split.
These parameters were set a priori based on interpretability and
methodological considerations rather than optimized through
cross-validation.

The CRF was conducted using the same 42 candidate pre-
dictors used for the CIT analysis. CRF uses recursive algorithms
to derive an ensemble of CITs grown using bootstrap subsamples
drawn from the data and averages their predictions. For each
bootstrap sample, the CRF algorithm builds a CIT using a
random selection of predictors. The bootstrap sampling and
random selection of predictors at each split allow a diverse
forest of CITs to be grown, which enhances generalizability [54,
56,57]. The CRF analysis was created based on 500 CITs using
the same parameters as in the CIT analysis (Supplemental Table
2).

Conditional predictor importance scores represent the rela-
tive importance of each main predictor in classifying partici-
pants into distinct subgroups with different probabilities of the
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outcome of interest. Scores were assessed by comparing the
difference between the out-of-bag error resulting from a data set
obtained through random permutations of each predictor and
the out-of-bag error resulting from the original data set [61]. In
other words, the conditional importance of each predictor was
calculated by recalculating the overall error rate after the values
of that predictor were randomly permuted, which mimics the
absence of that predictor [62]. Interaction effects are not
explicitly ranked, although CIT and CRF inherently account for
interactions through their hierarchical splitting and ensemble
structure.

For each candidate predictor, refusals and “don’t know” re-
sponses were treated as missing values. The percentage of
missing values for candidate predictors was <7.7%. Missing
values were imputed using random forest imputation, which has
been shown to provide more accurate imputations than k-
nearest neighbor imputation or multivariate imputation using
chained equations [63]. The outcome of interest (HEI-2015
scores) had no missing values. All analyses were performed
using the “party” and “partykit” packages in R [53] (version
4.1.1; R Foundation for Statistical Computing) using the pa-
rameters detailed in Supplemental Table 2.

The CIT and CRF models were trained using 90% of the
dataset and tested using 10% of the dataset to evaluate the
performance of the models on new datasets. Model performance
on the training and test datasets was compared to assess whether
the models were overfitting the training data or were general-
izing effectively when introduced to new data.

Results

Descriptive statistics

Participants had a mean age of 46.7 + 16.0 y (Table 1).
Approximately half of the participants identified as female
(51.5%) and 1.0% identified as gender diverse. Most partici-
pants identified as White (71.0%) and were born in Canada
(82.1%). Almost two-thirds (62.7%) of participants lived in
food-secure households, 9.0% in marginally food-insecure
households, 16.2% in moderately food-insecure households,
and 12.2% in severely food-insecure households.

The mean HEI-2015 score was 51.5 + 15.3 (range: 10.0-97.7
of 100). Participants who were classified in the bottom, middle,
and top tertiles had mean HEI-2015 scores of 34.6 + 6.0, 50.7 +
3.4, and 69.1 + 7.5, respectively (Table 2).

CIT analysis
The CIT presented in Figure 2 displays 7 subgroups with
different conditional probabilities of having HEI-2015 scores in

TABLE 2
Distribution of Healthy Eating Index-2015 scores and tertiles (n =
5093)

HEI-2015 tertile n (%) HEI-2015 scores mean (SD)
Bottom 1698 (33.3) 34.6 (6.0)

Middle 1697 (33.3) 50.7 (3.4)

Top 1698 (33.3) 69.1 (7.5)

Total 5093 (100) 51.5 (15.3)

Values are unweighted estimates derived after imputing missing data.
Abbreviation: HEI-2015, Healthy Eating Index-2015.
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FIGURE 2. Conditional inference tree predicting Healthy Eating Index-2015 tertiles among adults who participated in the 2018 or 2019 In-

ternational Food Policy Study (n = 5093).

the bottom, middle, and top tertiles (see Supplemental Table 3
for specific probability values) due to distinctive combinations
of 6 predictors across all 4 domains (sociodemographic char-
acteristics and SEP; food policies and environments; food liter-
acy; and health-related practices and indicators), namely
confidence in using cooking techniques, perception of general
health, frequency of food label use, tobacco use, occupation, and
food insecurity status. Two subgroups had distinctly higher
probabilities of having an HEI-2015 score in the bottom tertile.
This probability was highest (49.9%) among individuals who
were confident in using <4 cooking techniques. It was second
highest (48.5%) among individuals who were confident in using
>4 cooking techniques, perceived their general health as good/
very good/excellent, reported never/rarely/sometimes using
food labels, and used tobacco occasionally/every day. On the
other end of the spectrum, one subgroup had a higher proba-
bility of having an HEI-2015 score in the top tertile (52.7%).
This subgroup was composed of individuals who were confident
in using >4 cooking techniques, perceived their general health

as good/very good/excellent, reported often/always using food
labels, and lived in food-secure households.

CRF analysis

In total, 20 predictors from the 4 domains were selected by
the CRF as the most important predictors of having lower,
moderate, or higher HEI-2015 scores (Table 3). The 10 most
important predictors, from most to least relative importance,
were as follows: frequency of using food labels, confidence in
using cooking techniques, perceived general health, household
food insecurity status, health literacy, educational attainment,
age, frequency of noticing food labels, tobacco use, and whether
individuals obtained nutrition information from a government
or policy-related source of information.

Model performance
The CIT achieved an overall classification accuracy of 45.1%
and 43.7% on the training and test datasets, respectively,
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TABLE 3

Top 20 important predictors of Healthy Eating Index-2015 tertiles
derived from a conditional random forests model among adults who
participated in the 2018 or 2019 International Food Policy Study (n =
5093)

Rank Predictor Conditional variable

importance

1. Frequency of food label use 0.0109
2. Confidence in using cooking 0.0066

techniques
3. Perceived general health 0.0036
4. Household food insecurity status 0.0025
5. Health literacy 0.0024
6. Educational attainment 0.0022
7. Age 0.0018
8. Tobacco use 0.0010
9. Frequency of noticing food labels 0.0008
10. Obtained nutrition information from 0.0006

government or policy-related sources

of information
11. Perceived nutrition knowledge 0.0004
12. Subjective social status 0.0004
13. BMI 0.0003
14. Trust messages from the food and 0.0002

beverage industry on sugary drinks
15. Perceived income adequacy 0.0002
16 Ability to prepare different foods 0.0001
17. Understand food labels 0.0001
18. Marijuana use 0.0001
19. Occupation 0.0001
20. Looked at Canada’s Food Guide 0.0001

exceeding the expected accuracy of a uniform random classifier
(~33% in a balanced 3-class setting; see Supplemental Table 4).
Additionally, the CIT model obtained a fair agreement based on
the « statistic (0.2), indicating that prediction was better than
that obtained by chance. The balanced accuracy (i.e., the mean
of the sensitivity and specificity) of the CIT was between 50.9%
and 62.3% across the 3 HEI-2015 score tertiles, with the highest
accuracy for the top tertile and the lowest accuracy for the
middle tertile. The minor discrepancy between the model per-
formance on the training and test datasets suggests that the CIT
model was generalizing effectively to new data.

The CRF had an out-of-bag classification accuracy of 47.8%
and 49.6% on the training and test datasets, respectively, and
obtained a fair agreement based on the « statistic (0.2 and 0.3).
The balanced accuracy ranged between 51.9% and 67.8%
across the 3 HEI-2015 score tertiles, with comparable accuracy
for the bottom and top tertiles and lower accuracy for the
middle tertile. Similar to the CIT, there was no discrepancy
between the training and test sets, indicating the absence of
overfitting.

Discussion

This study aimed to assess whether machine learning ap-
proaches can be leveraged to operationalize a precision public
health nutrition approach. Using CIT analyses, we identified 2
subgroups with a higher proportion of adults with lower diet
quality. In total, 7 subgroups with different proportions of adults
with lower, moderate, or higher diet quality were identified. These
subgroups of adults were characterized by distinctive combina-
tions of 6 predictors from 4 domains (sociodemographic
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characteristics and SEP; food policies and environments; food lit-
eracy; and health-related practices and indicators), namely con-
fidence in using cooking techniques, perception of general health,
frequency of food label use, tobacco use, occupation, and food
insecurity status. We also identified the 20 most important pre-
dictors of having lower, moderate, or higher diet quality among
adults in Canada using CRF analyses. The top 5 predictors included
frequency of food label use, confidence in using cooking tech-
niques, perceived general health, household food insecurity status,
and health literacy. Promisingly, 4 of the 6 predictors in the CIT
analysis were among the 5 most important predictors in the CRF
analysis, and all were among the 20 most important predictors.
Consistent findings from the 2 models support the validity of the
CIT model [64,65]. Furthermore, the balanced prediction accu-
racies for CIT and CRF suggest that the models captured patterns
that predict the response variable. This interpretation is consistent
with the Cohen’s k values, which reflect modest agreement beyond
that expected by class prevalence alone.

From a precision public health nutrition perspective, 2 sub-
groups stood out as having a particularly high risk of lower diet
quality. First, the subgroup with the highest proportion of in-
dividuals with lower diet quality consisted of individuals who
were confident in using <4 cooking techniques. Cooking skills
are also the second most important predictor of diet quality
identified by the CRF model. These results are not surprising
because low cooking skills are associated with lower quality
dietary patterns [66]. Lower cooking skills have been associated
with lower consumption of vegetables, fruit, and homemade
meals, as well as with an increased likelihood of eating in res-
taurants or consuming preprepared foods, many of which are
energy-dense and nutrient-poor [67,68].

The subgroup with the second-highest proportion of in-
dividuals with lower diet quality was composed of people who
were confident in using >4 cooking techniques, perceived
themselves as healthy, rarely used food labels, and who smoked.
These findings highlight the relevance of examining how cook-
ing skills intersect with other factors to shape individuals’ pat-
terns of consumption. As noted above, although poor cooking
skills were sufficient on their own to yield lower diet quality,
results among this subgroup demonstrate that good cooking
skills were not sufficient on their own to yield high diet quality,
particularly among those who perceived themselves as healthy,
rarely used food labels, and who smoked. Interestingly, some
evidence suggests that individuals who consider themselves
healthy but who also smoke exhibit fewer health-seeking be-
haviors [69], a pattern that may extend to healthy eating, which
is itself one dimension of health-seeking behavior. Frequency of
label use was the third split in the CIT model; it was also the
most important predictor of diet quality identified by the CRF
model. Food label use has been associated with diet quality [70].
Recognizing the positive impact of food labeling policies on
eating patterns, an important area of public health nutrition
advocacy in the past years in Canada, has focused on strength-
ening them [71]. The present study highlights the importance of
strong food policies such as easy-to-understand front-of-package
labeling. Yet, it provides a more nuanced understanding by
suggesting that food label use (a food policy) intersects with
cooking skills (an indicator of food literacy) and household food
insecurity status (an indicator of material deprivation) among
individuals with poorer diet quality. This aligns with existing
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evidence showing that food policy alone is insufficient to
improve diet quality when poor cooking skills or economic
constraints persist [20].

It is also instructive to examine the subgroups with a higher
proportion of individuals with higher diet quality to identify
population subgroups that are a lower priority for intervention.
The subgroup with the highest proportion of individuals with a
higher diet quality was those who were confident in using >4
cooking techniques, perceived themselves as healthy, often used
food labels, and lived in food-secure households. These findings
were unsurprising, as evidence indicates that each of these
factors is individually associated with healthier dietary patterns
[11,72-76]. As such, it seems logical that adults situated at the
intersection of these predictors would face fewer barriers to
healthy eating. Simply put, they would have more tools (skills,
knowledge, and economic resources) to assist them in main-
taining a healthier dietary pattern despite pervasive unhealthy
food environments.

Consistent with Olstad and McIntyre’s (2019) [25] precision
public health framework and the literature [10,13,19,77-79],
we expected that SEP would play a central role in shaping diet
quality, such that SEP indicators would be in the top splits of the
CIT. However, this was not the case, as the CIT model did not
make any splits based on traditional indicators of SEP, such as
perceived income adequacy and educational attainment. These
results are coherent with findings from Doan et al. [80], who
modeled only traditional SEP indicators that best predicted
lower and higher diet quality and found high prediction errors.
Yet, household food insecurity status, a potent indicator of
material deprivation that is strongly associated with poor diet
quality [72,73,81], was one of the predictors identified by the
CIT model and the fourth most important predictor in the CRF
model. The CRF model also identified indicators of SEP among
the most important predictors of diet quality, including
perceived income adequacy, educational attainment, subjective
social status, and occupation. This is coherent with the litera-
ture. For example, educational attainment was the most
important predictor of diet quality identified by Doan et al. [80]
and has been identified as a super determinant of diet quality by
Olstad and McIntyre [82].

Taken together, findings from this study may help inform
public health strategies that combine population-level policies
to improve food policy and environments (e.g., food labeling
regulations) with skill-building programs (e.g., cooking classes
and nutrition education) and economic supports (e.g., healthy
food subsidies), particularly for subgroups at risk of poor diet
quality. This socioecological, multilevel perspective aligns with
a precision public health nutrition approach.

Research and policy implications

From a research perspective, our use of machine learning
models enabled us to uncover, to our knowledge, novel insights
pertaining to groups at higher risk of lower diet quality that
would have been difficult or impossible to discern using con-
ventional parametric regression approaches. For example,
parametric regression-based models would have required us to
specify numerous higher-order interaction terms to approximate
the complex, nonlinear relationships captured by our machine
learning models. Such models rapidly become implausible to
interpret and require very large sample sizes to achieve
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adequate statistical power, particularly when variables include
multiple categories or rare subgroups [26,30,32]. These limi-
tations underscore the value of leveraging similar machine
learning approaches in future studies to assess whether com-
parable subgroup patterns emerge in other contexts [34].
Furthermore, qualitative research with adults situated at the
intersection of predictors identified by machine learning ap-
proaches may help to better understand the complex array of
interconnected factors that shape individuals’ dietary patterns.
From a policy perspective, precisely identifying population
subgroups with a high proportion of adults with lower diet
quality across contexts within a precision public health nutrition
framework may help inform more precisely tailored in-
terventions that are specific enough to be useful in improving
diet quality and reducing dietary inequities [25].

Strengths and limitations

To our knowledge, this is the first study to use CIT and CRF
analyses to identify subgroups with a high proportion of adults
with lower diet quality using a large number of predictors from
all levels of the socioecological model and to assess the relative
importance of predictors in shaping diet quality. Two comple-
mentary analytical approaches were used to enhance rigor. CIT
is a nonparametric and statistically conservative approach that
is easy to interpret and avoids multiple shortcomings of con-
ventional parametric regression-based approaches, such as as-
sumptions of linear relationships between variables and
multicollinearity causing unreliable results [34,83,84]. CRF is
less prone to overfitting and has higher generalizability than
CIT, which allowed us to assess the relative importance of pre-
dictors [54,56,57]. Although CRF models quantify the relative
importance of predictors, conditional variable importance
measures do not provide estimates of effect size or direction, or
confidence intervals for rankings, nor do they explicitly rank
interaction effects. This study did not incorporate a statistical
comparative method, such as cluster analysis or a parametric
regression-based model. These approaches are not directly
comparable to the CIT and CRF models used in the current
study, and we did not wish to incorporate a third, conceptually
distinct method that did not align with our aim of examining
how multiple predictors intersect to shape diet quality.

This study included a large sample of individuals living
across the 10 Canadian provinces. Respondents were recruited
using non-probability-based sampling, and CIT and CRF ana-
lyses cannot accommodate sampling weights, which can influ-
ence model performance, particularly for groups that are
underrepresented in the data. Thus, the results are not nation-
ally representative. The non-probability-based sampling may
also help explain why the rate of household food insecurity in
our sample was higher than national estimates for the same
period [85]; however, most Canadian surveys are believed to
underestimate food insecurity rates [86]. The sociodemographic
profile of participants was broadly similar to national data. For
example, a similar proportion identified as White (71.1% in our
sample vs. 72.8% in the 2016 Census) [87]. However, the
sample included fewer immigrants than reported in the Census
(17.9% vs. 21.9%) [87].

Categorizing continuous diet quality scores into tertiles
rather than modeling them as a continuous outcome may have
introduced misclassification bias, especially for individuals near
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the thresholds. To reduce this potential bias, we excluded in-
dividuals whose values were close to each threshold; however,
this may have introduced selection bias. As with any statistical
or machine learning model, it is possible that we did not include
all important predictors or that the predictors identified in the
current study may simply be proxies for other unmeasured fac-
tors. Finally, we emphasize that this study was designed to
identify predictive associations and diet quality-related profiles,
rather than to establish causal relationships or support etiologic
inference.

Conclusions

In conclusion, this study provides evidence that machine
learning approaches can be leveraged to operationalize a pre-
cision public health approach. We more precisely identified
subgroups with a high proportion of adults with lower diet
quality based on a large number of predictors spanning all levels
of the socioecological model and identified the most important
predictors shaping adults’ diet quality. Findings suggest that a
socioecological, multilevel approach combining population-
level policies to improve food environments with skill-building
programs and economic supports tailored to the specific needs
of subgroups at higher risk of poor diet quality may help inform
strategies to address the social processes leading to poor diet
quality. Given that diet quality is strongly associated with
morbidity and mortality, more precisely identifying subgroups
with a higher risk of lower diet quality and intervening to
improve their diet quality is a priority in efforts to improve
population health and reduce dietary and health inequities.
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