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Abstract
CAROLINA BATIS RUVALCABA: Dietary Pattern Trajectories over Time and Diabetes
among Chinese Adults.
(Under the direction of Barry Popkin)

Dietary patterns, instead of single nutrients or foods, are a useful approach to study
diet and diet-disease associations. However, most studies examine dietary patterns only at
one point in time. The purpose of this dissertation was to identify the longitudinal changes or
stability of dietary patterns and their association with Diabetes in the China Health and
Nutrition Survey from 1991 to 2009 (7 waves of diet data). Aim 1: we derived two dietary
patterns using factor analysis in each wave: a traditional southern pattern (rice, vegetables,
meat, poultry and fish) and a modern high-wheat pattern (wheat products, nuts, fruits, eggs,
milk and instant noodles/frozen dumpling). The structure of these patterns remained stable
over time, but the tracking was lower and the adherence increased over time for the modern
high-wheat. Aim 2: among 4,316 adults not previously diagnosed with diabetes the adjusted
Odds Ratio for diabetes prevalence in 2009, comparing the highest versus the lowest dietary
pattern score quartile in 2006, was 1.25 (0.78, 2.01) for the modern high-wheat pattern, 0.79
(0.51, 1.21) for the traditional southern pattern and 2.36 (1.55, 3.58) for a pattern derived
with Reduced Rank Regression (with HbA1c, HOMA-IR and glucose as response variables).
This pattern combined items of the modern high-wheat pattern (wheat products and soy milk)
with items opposite to the traditional southern (low rice, poultry and fish). Aim 3: A score for
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the third dietary pattern was estimated for each subject at each wave and with Latent Class
Trajectory Analysis subjects with similar trajectories of their dietary pattern’s score over time
were grouped in 5 classes. Among two classes with similar scores in 2006, the one with
lower scores from 1991-2004, had significantly lower HbA1c [-1.64 (-3.17, -0.11)], and nonsignificantly lower odds of diabetes. All together our findings suggest that the popularity of a
modern high-wheat pattern was increasing and that part of this pattern, when combined with
low intake of rice, poultry, fish and legumes, was associated with diabetes. In addition, even
if the diets were similar recently, the long-term trajectories of this dietary pattern were also
associated.
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Chapter 1. Introduction
Background
The burden of chronic diseases is increasing rapidly in China and around the world,
and diet is an important determinant of these conditions. The study of data-driven dietary
patterns can help enhance our understanding of human dietary practices and their relationship
with chronic diseases such as obesity and other cardio-metabolic outcomes. An important
limitation in this specific area of research is that most of the studies associating dietary
patterns with chronic diseases are cross-sectional or prospective cohorts with dietary intake
measured only at baseline. These studies assume that diet remains constant over time in all
individuals, an assumption that might be incorrect particularly in populations with rapid
changing environments.
Some studies have addressed this limitation by examining dietary patterns with
repeated measures of diet over time; however none of these have been conducted in Chinese
population. In addition, there are only few studies performed in different populations around
the world that have assessed the effects of inter-individual changes in dietary patterns
trajectories.
We proposed that the incorporation of techniques like Latent Class Trajectory
Analysis (LCTA) to identify trajectories in dietary patterns over multiple measurement
occasions is relevant to the field. By embracing and exploring the individual histories in diet
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we can further enhance our understanding of human dietary practices and it association with
health outcomes.
We used The China Health and Nutrition Survey (CHNS), a large cohort that includes
a highly diverse sample with variations in a wide-ranging set of socioeconomic factors
(income, employment, education, and modernization) and related health, nutritional, and
demographic measures. It has repeated detailed measurements of diet over the course of
almost 20 years (1991, 1993, 1997, 2000, 2004, 2006, 2009). This data set offers unique
opportunities to contribute to the dietary patterns research field; it has multiple repeated
measures over a long period of time, in a rapid changing environment and in population
seldom studied in this particular area.
Research Aims
Aim 1. Study the changes and stability of dietary patterns over 18 years in Chinese
adult population.
1a. Derive the dietary patterns independently at each point in time to determine whether the
structure of dietary patterns have changed or remained stable.
1b. Using applied scores assess the tracking, trends over time, and socio-demographic
characteristics associated with the adherence to each dietary pattern.
When examining dietary patterns over time there are two different dimensions one
can look at, one is the changes or stability in the general structure of the dietary patterns (are
foods combined differently in each year?), and another is the individuals’ level of adherence
to each dietary pattern over time. To evaluate the individual’s level of adherence over time it
is necessary to use applied scores. The dietary patterns from one point in time are used to
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derive the pattern score at all other times. This way a score representing the same dietary
pattern over time is obtained.
Aim 2. Identify the association between dietary patterns in 2006 and diabetes.
2a. Evaluate the association between the dietary patterns derived with Factor (FA) or
Principal Component Analysis (PCA) and diabetes prevalence.
2b. Complement the analysis by comparing previously the derived identified patterns and
their strength of association with a dietary pattern derived from Reduced Rank Regression
(RRR) (HbA1c, fasting glucose and HOMA-IR as response variables).
The strength of one method is the limitation of the other; PCA identifies patterns that
have public health relevance because they describe the actual dietary patterns of the
population whereas the foods in the RRR are not necessarily consumed together and hence
could be behaviorally irrelevant. Conversely, the patterns from RRR are by definition
associated with the outcome or response variables, which might not be the case for PCA
patterns. Therefore both methods can complement each other and provide useful insights
when compared side by side.
Aim 3. Evaluate the association of different dietary pattern trajectories with diabetes.
3a. Identify groups of individuals with similar dietary pattern trajectories, and the sociodemographic characteristics associated with group membership.
3b. Estimate the association of the different dietary pattern trajectories with HbA1c, insulin
resistance and diabetes prevalence.
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Using the factor loadings of the dietary pattern in 2006 that had the strongest
association with diabetes, we calculated an applied score for each individual from 1991 to
2006. Latent Class Trajectory Analysis was then used to group people according to the
similarities in their trajectories. The membership to group trajectories was treated as the
exposure to evaluate the association with diabetes.
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Chapter 2. Literature Review
The burden of chronic diseases globally and in China
Globally the burden of chronic diseases is increasing rapidly. In 2001 it was estimated
that 60% of all deaths were due to chronic diseases.1 China is no exception to this world
scenario, in fact it is one of the countries with the most rapid increase in obesity and other
chronic diseases2. From 1989 to 1997 the prevalence of a BMI higher than 25kg/m2 tripled
among men and doubled among women in China. 3 In addition to China’s increased burden,
it is particularly important to study the factors associated with chronic diseases in this
population because 1) China is the most populated country in the world, with over 1.3 billion
people, and any given prevalence of a chronic disease affects therefore an absolute
significant number of persons. For example, 92 million of Chinese are diabetic4 and there are
more persons with cardiovascular disease in India and China than in all the economically
developed countries in the world combined 1. 2) Compared to Western populations, Asians
have higher abdominal obesity and insulin resistance; and, they develop cardiometabolic risk
factors at lower BMI and at younger ages 5-8
The important role of diet and nutrition as determinants of chronic diseases is well
established.1 Therefore, continued research efforts should be done in order to better
understand the determinants of dietary choices and its health consequences in the population.
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Nutrition transition and dietary changes in China
Rapid economic and social changes have contributed to rapid shifts in the diets of the
Chinese population. The traditional Chinese diet consisted of cereals and vegetables with few
animal products, but a marked increase in the diversity of the diet has been observed.9 The
changes seen follow a Westernization pattern that is due to the introduction of a free market
for food products. The intake of edible oils and animal-source foods has increased; e.g.
animal products more than tripled from 1952 to 1992. On the other hand, cereal intake has
decreased considerably during the last 2 decades, especially coarse cereals. Vegetable intake
has remained mainly unchanged in urban areas but slightly decreased in rural areas; while
fruits have slightly increased.9-11 All of these changes have led to an increase in the overall
energy density of the diets. The food marketing landscape has also changed considerably
since China has the world’s fastest growth in supermarkets. Fast-food chains are rapidly
expanding in the cities and the intake of soft-drinks is starting to increase. However, Chinese
people still consume limited amounts of Western-style fast foods and sweetened beverages
compared to Western societies.9-11
Although the general changes over time of food groups consumption in the Chinese
population has been clearly identified; the understanding of how these foods are eaten in
combination, and the changes (or stability) in these combinations at the population and at the
individual level is limited. This is especially important because while society changes some
particular individuals might not do so. In order to improve policies and interventions, it is
necessary to identify if several specific age, period or geographical cohorts remain with a
constant diet while others change.
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How does the study of dietary patterns contribute to the field of nutrition
epidemiology?
Dietary patterns have been proven as a useful tool for studying diet. Contrary to the
single nutrient or food group approach, dietary patterns consider multiple foods. And because
people select foods in combination and not single nutrients, dietary patterns most closely
resemble the actual eating behavior12-14. In addition, studying dietary patterns is
advantageous to exploring associations of diet to disease. For instance, 1) the single nutrient
approach may be inadequate for accounting for complicated interactions among nutrients, 2)
the high correlation between nutrients could make difficult the investigation of their separate
effects, 3) the effect of a single nutrient may be too small to detect, 4) analysis for multiple
nutrients or food groups can yield statistical significant results simply by chance and 5)
nutrient or foods are commonly associated with specific dietary patterns which may cause
confounding hard to control for. 14
In general dietary patterns can be grouped in 2 categories: theory-driven or datadriven. Theory-driven are score-based approaches based on dietary recommendations (i.e.
Healthy Eating Index15). Data-driven or empirical dietary patterns use statistical methods to
reduce many food or food groups into a set of meaningful patterns that describe the way
people eat.
One benefit of data-driven patterns over dietary indexes is that they can help us
understand better human dietary practice, because from data-driven patterns we learn which
foods are eaten in combination. This can provide important insights for dietary interventions.
In addition, by studying data-driven dietary patterns we are not evaluating the effects “ideal
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patterns” but the effect of patterns that are already followed by the population. Therefore, in
this proposal we will only focus on data-driven dietary patterns.
There are two common approaches to derive data-driven dietary patterns: 1) factor
analysis, which identifies linear combinations of foods that are frequently consumed
together, and gives a summary score to each individual for each pattern; and 2) cluster
analysis, where individuals are classified into mutually exclusive groups based on the
similarities between their diets)14,16. In spite of the subjectivity involved during the process of
dietary pattern derivation, consistent results have been found for the association with some
diseases. The “western”, “junk food”, “cosmopolitan”, “empty calories” patterns have been
associated with increased risk, and “healthy” or “prudent” patterns high in vegetables, fruits,
fish, reduced-fat dairy, cereals, have been associated with decreased risk.16,17
However, findings for BMI, obesity or waist circumference have been inconsistent.
This was apparent in a literature review of studies examining the association between dietary
patterns and BMI.18 From nine studies that used factor analysis, three did not find a
significant association. Among the ones that found significant associations, the types of
patterns associated with lower BMI ranged from: “low culinary complexity” (confectionery,
butter, cookies), “satiating” (macaroni, sausage, white bread), “convenience” (beer, chips,
sauces), “high fat/sugar-dairy”, “traditional” and “prudent”. Whereas some of the patterns
positively associated with BMI were “fruit”, “high fat” (eggs, bacon, sausage), “salad”,
“bush food” (rabbit, duck, fish), “fruit juice” (fruit juice, high sugar drinks, canned fruit) and
“western” (red meat, processed meat, refined grains). Most of the studies were crosssectional, a reason that might largely explain the inconsistent results. Studies looking at
longitudinal changes in anthropometry have found that patterns rich in reduced-fat dairy
8

products and high-fiber foods are associated with smaller gains in weight and waist
circumference19. And that increases in healthy pattern score between two points in time is
associated with either decreases in BMI or smaller increases in BMI20.
In terms of diabetes and diabetes related markers, several studies in populations
around the world using factor analysis have been conducted. Healthy dietary patterns have
been inversely associated with insulin resistance or insulin, whereas Western patterns (higher
intakes of red meats, high-fat dairy products, and refined grains) have shown the opposite
effect 21,22. Similarly, patterns primarily rich in vegetables and fruit have been associated
with reduced risk of incident diabetes. And patterns characterized by dim sum and meat; or
red and processed meats, sweets and desserts, french fries, and refined grains; or butter,
potatoes, and whole milk have been found to be associated with increased risk of incident
type 2 diabetes.23-26
Despite the contributions of dietary patterns to the study of diet and diet-disease
associations, an important limitation is that most of the studies measure diet only at one
point. They assume that diet remains constant over time in all individuals, and that therefore
one point in time represents long-term intake. This assumption might be incorrect
particularly in populations with rapidly changing environments. In addition these studies also
assume that one point captures the relevant time-frame for disease development, leaving out
the possibility of testing different time-frames. This gap in the literature may even be a
reason for the inconsistent results found for obesity outcomes.
Therefore the interest in dietary patterns over time has increased in the last decade.
However comparisons over time are not straightforward because dietary patterns are
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population and time specific. Thus, so far only few studies have examined dietary patterns
with repeated measures of diet.20,27-33
Analyses of dietary patterns over time
The studies of dietary patterns over time, conducted so far have had the following
purposes:
1) Looked at the stability of dietary patterns in the population. One approach was to
derive dietary patterns independently at each point in time and to assess if the patterns remain
similar or if new patterns emerge. Another approach was to apply the scores or
characteristics of the patterns found in one point to the rest of the measurements, so that the
same patterns were analyzed over time27,29,32,33. Stability has been usually examined using
correlation of scores or agreement between quantiles in 2 points in time.
2) Evaluated the within-subject difference in dietary patterns, by looking at the change
in quantiles or score differences in 2 points in time, and analyzed how these differences
affected health outcomes20,30.
3) Examined the association between a dietary pattern and a heath outcome using
multilevel models. These models used the repeated dietary patterns for obtaining an average
dietary pattern-health outcome association while adjusting by the inter-individual correlation
of repeated measures28,31.
All of these studies have importantly contributed to our understanding of dietary
practice over time. For example Cutler GJ et al. identified a new “fast-food” dietary pattern
in adolescents at age 20 that was not observed when they were 16 years old. Whereas, in the
teenagers that were examined at 13 and 17 years old, the patterns remained fairly constant at
10

both times32. If this analysis was performed by looking only at the food groups level (instead
of dietary patterns), the authors could had identified an increase in fast-foods at a certain age,
but with this analysis they were able to identified that these foods were in addition eaten in
combination. This study essentially told us that people select not just one food but major
combinations and it is often misleading to examine one food when multiple foods are
correlated.
No analyses on dietary patterns over time have been conducted in Chinese
population. As exemplified above, we can gain meaningful insight and knowledge about the
dietary practices in China by using this type of analysis. Moreover, not only no analyses over
time have been conducted in this country, but also studies with only diet at one point in time
are scarce. It is particularly important in the research field of dietary patterns to have
population specific studies. It has been seen that even between different countries, both
dietary patterns and their relationship with disease have similarities, however, important
cultural differences might exist 14,17. As an example, patterns rich in vegetables are generally
associated with lower risk of obesity and chronic diseases; however a study among Chinese
found that the vegetable-rich food pattern was associated with oil and energy intake and with
increased risk of obesity 34. This emphasizes the need of extending the research in dietary
pattern in this region, which we propose to address in our study.
Another important gap in the study of dietary patterns over time is that most studies
are limited to two points in time and do not explore individual trajectories. As described
before, the studies done so far have been limited to the assessment of the stability or changes
in dietary patterns between only 2 points in time. Even when more time points were included
in the analysis simultaneously, the aim was not to characterize the individual trajectories but
11

to adjust by them. These methods do not adequately represent the dynamic history of the
dietary exposure, and therefore have limited ability to detect when the exposure has the
highest effect on adverse health outcomes. A step beyond, would be to trace the individuals
dietary trajectories with all available dietary data over a long period of time, and group
individuals with similar trajectories to assess what socio-demographic and health outcomes
they also share. Individuals may have a similar dietary pattern at one point in time, but some
of them could have recently adopted this pattern and some could have followed the same
pattern for years. It is essential to understand if the associated health risks for these two types
of trajectories are different.
Therefore, in this research, we characterized the individual trajectories in dietary
patterns over almost 20 years (7 points of repeated measures of diet). The technique that we
incorporated in the field of dietary patterns with this purpose is LCTA. Conventional latent
growth curve models or longitudinal mixed models assume that a single trajectory can
adequately approximate the entire population, so they just a give a single trajectory average.
The heterogeneity in these models is captured only by variations in the slope and intercepts
(random effects). In contrast LCTA, applied to the trajectories of dietary patterns, could
allow the identification of different groups or classes of trajectories within the population.35,36
This technique has been used previously to characterize trajectories of BMI37 or other social
characteristics such as alcoholism,38 depression,39 delinquency,40 etc, but have not being
used for dietary patterns before. The goal of this method is to cluster individuals so that
within a group the trajectories are more similar than between the groups.35
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Advantages of using the China Health and Nutrition Survey (CHNS)
This survey has many unique characteristics that overcome some of the limitations on
previous studies and can help us get important insights in the dietary pattern-disease
relationships. For instance, the long follow-up of the rapid changing environment in China,
offers a unique opportunity to determine the time period where diet is most relevant for
disease development. If the diet of all individuals remains constant over time, it cannot be
distinguished if the relevant exposure is the most recent and it happened to be the same of a
longer follow-up period, or if the diet of the entire follow-up is the relevant time-frame.
The great heterogeneity in diet over time seen in this cohort, is also complemented
with a wide temporal and spatial variation in socioeconomic factors such as income,
employment, education and modernization. This variation can enabled us to better
understand how do these factors affect dietary patterns.
In addition, the dietary data in the CHNS was carefully collected and has a high level
of detail. Three 24hr recall were combined with a weighting of all foods and ingredients
consumed in the household. This way, the use of standard recipes that may not capture
individual intake differences was avoided. This methodology for assessing diet intake is
particularly appropriate for the study of dietary patterns over long follow-up periods. Most
studies have used Food Frequency Questionnaires (FFQ)20,27,29,32,33, which may not be able to
detect the introduction of new foods if the same instrument is used over time. And even if the
FFQ instrument is updated, this raises methodological issues for comparing the intake over
time.
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Chapter 3. Longitudinal Analysis of Dietary Patterns in Chinese Adults from 1991 to
2009
Overview
Our aims were to identify the changes or stability in the structure of dietary patterns
and the tracking, trends and factors related to the adherence of these patterns in China from
1991 to 2009. We used seven waves of the China Health and Nutrition Survey and included
9,253 adults with ≥3 waves complete. Diet was measured over a 3-day period with 24-hr
recalls and a household food inventory. Using factor analysis in each wave we found that the
structure of the two dietary patterns identified, remained stable over the studied period. The
traditional southern pattern was characterized by high intake of rice, fresh leafy vegetables,
low-fat red meat, pork, organ meats, poultry and fish/seafood and low intakes of wheat flour,
corn/coarse grains; and the modern high-wheat pattern was characterized by high intake of
wheat buns/breads, cakes/cookies/pastries, deep-fried wheat, nuts/seeds, starchy roots/tubers
products, fruits, eggs/eggs products, soy milk, animal-based milk and instant noodles/frozen
dumplings. Temporal tracking (maintenance of a relative position over time) was higher for
the traditional southern, whereas adherence to the modern high-wheat had an upward trend
over time. Higher income, education and urbanicity level were positively associated with
both dietary patterns, but the association became smaller in the later years. These results
suggest that even in the context of rapid economic changes in China; the way people chose to
combine their foods remained relatively stable. However, the increasing popularity of the
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modern high-wheat pattern, a pattern associated with several energy-dense foods is cause of
concern.
Introduction
China is one of the countries with the most rapid increases in chronic diseases;
overweight/obesity (BMI ≥25kg/m2) prevalence among adults was 15% in 1992, 22% in
200241 and 33% in 2007-0842. Diabetes, hypertension and dyslipidaemia reached a
prevalence of 10%, 27% and 65% respectively in 2007-0842. Due to the key role that diet
plays in all of these chronic diseases, it is important to better understand the eating behavior
of this population.
Over the last two decades, many important changes in the diet of the Chinese
population have been identified. Eating behaviors like snacking emerged and continue to
grow, and cooking methods have also changed from predominantly steaming and boiling to
frying43,44. A marked increase in dietary diversity has also been observed, with more people
consuming food from a higher number of food groups10. The intake of vegetables, fruits,
cakes, and milk and other animal products like pork, poultry and eggs have increased;
whereas the intake of cereals and tubers has decreased45.
In addition to the study of number of meals, cooking methods or food group
consumption, data-driven dietary pattern analyses, such as factor or cluster analysis, are also
useful for studying diet. Dietary patterns more closely resemble actual eating behaviors
because they consider multiple food groups instead of single food groups or nutrients, and
they give insights into how people eat by identifying the foods that are eaten in
combination12-14. Previous studies conducted in a Chinese National survey from 2002 have
identified several dietary patterns like the “Yellow earth” or “traditional northern” pattern
15

that is high in wheat, wheat products, maize, sorghum and tubers; the “green water” or
“traditional southern” pattern high in rice, vegetables, seafood, pork and poultry; and the
“western” or “new affluence” pattern high in beef, lamb, milk, cheese, yogurt, cakes, juices
and nuts46-48. However to best of our knowledge, no longitudinal analysis of dietary patterns
over time has been conducted in the Chinese population.
To fill this gap, we used measurements of dietary intake from seven occasions over
the course of 18 years collected in the China Health and Nutrition Survey (CHNS). When
examining dietary patterns over time there are two different dimensions one can look at, one
is the changes or stability in the general structure of the dietary patterns (are foods combined
differently in each year?), and another is the individuals’ level of adherence to each dietary
pattern over time. Therefore, our aims were to first derive the dietary patterns independently
at each point in time to determine whether the structure of dietary patterns have changed or
remained stable. Secondly, we assessed the tracking, trends over time, and sociodemographic characteristics associated with the adherence to each dietary pattern.
Methods
Study design and participants
The CHNS is an ongoing study with detailed income, employment, education,
demographic, health, and diet information. The survey was designed to examine across space
and time how economic and social changes are associated with a range of health behaviors. A
multistage, random cluster process was used to draw the sample in 9 provinces. Survey
protocols, instruments, and the process for obtaining informed consent for this study were
approved by the institutional review committees of the University of North Carolina at
Chapel Hill (UNC-CH) and the Chinese Institute of Nutrition and Food Safety (INFS), China
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Center for Disease Control and Prevention. Participants provided their written, informed
consent. Additional details about the CHNS data are provided elsewhere49.
Surveys were conducted in 1989, 1991, 1993, 1997, 2000, 2004, 2006 and 2009. We
used data from 1991 to 2009 because in 1989 only adults aged 20-45 years were included.
All waves of the CHNS obtained identical clinical, dietary and anthropometric data from
each household member. We included all adults aged 18 to 65 years old at any wave with at
least 3 waves with complete dietary data (N=9,253); from these 20% had all 7 waves of diet
complete, 50% had 5 or more, and 75% had 4 or more waves of diet complete.
Dietary assessment and food grouping
The dietary assessment in the CHNS is a combination of three consecutive 24-hour
recalls at the individual level and a food inventory at household level performed over the
same three day period. The three consecutive days were randomly allocated to start from
Monday to Sunday. For the food inventory, all available foods at the household (purchased,
stored or home produced) were measured on daily basis with Chinese balance (1991-1997) or
digital scales (2000-2009). The changes in the household food inventory as well as the
wastage were used to estimate total household food consumption. For the 24-hour recall,
trained interviewers recorded the types, amounts, type of meal and place of consumption of
all food items consumed. For dishes prepared at home the amount of each dish was estimated
from the household food inventory, based on the proportion of each dished the person
reported to have consumed.
The food groups included in our analysis were based on a food grouping system
developed specifically for the CHNS by researchers from UNC-CH and INFS10, this system
separates foods into nutritional and behavioral meaningful food groups. We did not include
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alcoholic beverages, because it was mostly consumed by males, with very low consumption
for females. Further description of the food group classification that we used can be found in
Supplemental Table 3.1.
Statistical analysis
Because in each wave we included subjects that were 18 to 65 y old, it was possible
for subjects to be excluded at certain waves (e.g. a subject 64 y old in 2000 would be
excluded in 2004 and after, or a subject aged 14 y old in 1991 would be included only when
he became 18 in 1993). This exclusion criterion resulted in younger subjects at the later
waves. In addition, the proportion of subjects in the sample residing in the North region
increased since 2000. This was because in 1997 a province in the North was unable to
participate and a substitute province was included in the study; and in 2000 both the original
and the substitute provinces were included again. Therefore, all analyses were adjusted by
geographical region and age in 1991(equivalent to adjusting by birth year), so that the dietary
trends found over time were not related to these sample distribution changes in age and
region.
Most food groups had a high proportion of non-consumers; possibly due to the fact
that diet intake was measured over a 3-day period. Therefore, we categorized consumption as
binary (non-consumers vs. consumers) for food groups with <25% of consumers in all
waves; and otherwise as a three-level variable (non-consumers, consumers below or above
the estimated median using all waves).
We performed exploratory factor analysis for categorical variables using the robust
weighted least square estimator in Mplus 6.1 (Muthén & Muthén, Los Angeles, California) at
each wave. Factor analysis on ordinal variables is performed with a polychoric correlation
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matrix. Conceptually, ordinal variables have an underlying continuous normally distributed
variable, so thresholds for the levels of the categorical variables are estimated. These
thresholds are normal z scores corresponding to the cumulative proportion of subjects in each
category [i.e. for a binary variable (non-consumers vs. consumers) with a 0.87 proportion of
non-consumers, the threshold between the two categories would be equal to the
corresponding normal z-score 1.13].50,51
Food groups with ≤5% of consumers in all waves were not included in the factor
analysis. These food groups are uninformative because of their intake’s lack of variability in
the population, and also they could produce bivariate tables with empty cells and affect the
polychoric correlation.
Based on eigenvalues >1, inspection of the scree plot, and interpretability, we retained
two dietary patterns in each wave. Factors were rotated with the varimax procedure, because
this method seeks to maximize the variability among the loadings in each factor and hence
gives simpler and more easily interpreted factors52. Because we found similarity in dietary
pattern structure and factor loadings across all waves, we computed applied scores as many
studies with longitudinal dietary patterns have done previously.27,28,53,54 The loadings of all
food groups in year 2000 were used to calculate the factor scores in all other waves; because
this applied score measures the same dietary pattern across time, it allows meaningful
temporal comparisons. We chose year 2000 because it was the midpoint of the observed
period, the loadings were close to the mean of the loadings of all other wave, and therefore
most representative of the entire period. In order to estimate the scores with the procedure
implemented by Mplus 6.1 (similar to the regression method, but with an iterative technique
for categorical variables55) we performed a confirmatory factor analysis in each wave
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specifying the factor loadings and thresholds estimated from year 2000. Because thresholds
are z scores of the intake variables and they are involved in the estimation of the score, it is
important that they are not year-specific; therefore we also fixed them to the estimates of
year 2000.
Pearson correlation coefficients of the factor scores between each pair of waves were
computed to assesses the tracking (maintenance of a relative position or rank over time) of
each dietary pattern. Factor score means over time were computed, to look at trends in each
dietary pattern. Finally, multiple linear regressions with each factor score as the outcome and
socio-demographic variables as the predictors were performed independently in each wave,
the clustering at the household level was accounted for in the estimation of the variance.
Except for the factor analysis, all other analyses were conducted in Stata 12.1 (StataCorp,
College Station, TX).
Sensitivity Analysis
In order to corroborate that the dietary patterns obtained at each wave were not
affected by the sample changes in geographical region and age, we computed inverse
probability weights and included them in the factor analysis. We fitted two logistic
regressions, one to predict the probability of being in each wave, and another to predict the
probability of being in each wave conditional on region and age in 1991. Then, stabilized
weights were estimated as the ratio of these two probabilities. Applying these weights is an
alternative to standardization56. We found that the dietary patterns were very similar to the
ones we found in our original analysis; the difference between the factor loadings of the two
analyses was below 0.08 in all food groups.
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In addition, because subjects coming from the same households were more likely to
consume the same type of food groups, we repeated the analysis using only a single member
per household (selected randomly, n=4,837). We found that the dietary patterns did not
change meaningfully; all loadings had a difference below 0.08. Also, the correlation
coefficients between scores remained basically unchanged (all differences in the coefficients
were below 0.03).
Results
There was a dramatic increase in the prevalence of overweight from 1991 to 2009 and
in the proportion of the sample classified as medium and high income over the same period,
which paralleled changes in urbanization. The proportion of smokers declined over time in
males, and remained low in females (Table 3.1).
The mean total energy intake increased by 267 kJ/d (64 kcal/d) from 1991 to 2009
(Table 3.2). In general, it can be seen that the diversity of diet increased over time, the mean
number of food groups consumed increased over time and for most of the food groups the
percentage of consumers also increased. The only food groups with a decline in the
percentage of consumers from 1991 to 2009 were: wheat flour, dried legumes,
pickled/salted/canned vegetables, and low-fat red meat. In contrast, starchy roots/tubers
products, fresh leafy vegetables, dried vegetables and organ meats remained with a stable
percentage of consumers over time (difference ≤ 1 point between 1991 and 2009). In
addition, all food groups that had an increase in the percentage of consumers, also had an
increase in the amount consumed (g/per capita), except for rice, corn/coarse grains and
starchy roots/tubers where even if the percent consumers increased, the g/capita actually
decreased over time (data not shown).
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The following food groups had ≤5% of consumers in all waves (data not shown):
deep-fried rice/legumes, dried fruit, preserved fruit with added sugar, seaweed, processed
meats, dairy products, sweetened dairy products, Western-style fast-food, salty snacks,
ready-to-eat cereals/porridge, calorically-sweetened beverages, and low-caloric beverages.
So even if these modern-type foods are gaining popularity in China, over a 3-day period, they
were not yet widely consumed by 2009.
Using factor analysis on a total of 29 food groups (excluding food groups with ≤5%
of consumers) we identified two dietary patterns, which we called “traditional southern” and
“modern high-wheat”. These dietary patterns, despite the increase in the diversity of diet,
remained relatively stable (Table 3.3). Across time, the traditional southern dietary pattern
was positively associated with the intake of rice, fresh leafy vegetables, low-fat red meat,
low- and high-fat pork, organ meats, poultry and fish/seafood and inversely associated with
wheat flour, corn/coarse grains. Interestingly, the loadings of rice, wheat flour and
corn/coarse grains markedly declined over time, which was not related to the percentage of
consumers (as seen above, of these food groups only wheat flour had a decrease in the
percentage of consumers). However it can interpreted from these shifts in the loadings that
there was a decreased in the influence or importance that these food groups had in this
dietary pattern over time. The second dietary pattern, modern high-wheat was positively
associated, across time, with the intake of wheat buns/breads, cakes/cookies/pastries, deepfried wheat, nuts/seeds, starchy roots/tubers products, fruits, eggs/eggs products, soy milk
and animal-based milk. In the earlier years this pattern was associated with high-fat red meat,
high-fat pork, organ meats and poultry/game. In 1991 and 1993 there were no consumers of
instant noodles/frozen dumplings, so this food group was not included in the factor analysis
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in these years, but when these foods began to be consumed in 1997, they became prominent
in the modern high-wheat dietary pattern.
Because overall we found similarity in dietary pattern structure over time, we
computed applied scores and hence the rest of the results refer to these applied scores. The
correlation coefficients for scores between years were considerably higher for the traditional
southern pattern compared to the modern high-wheat pattern; 0.67-0.80 vs. 0.46-0.63
respectively (Table 3.4). This means that the tracking of the traditional southern pattern was
higher, or in other words that individuals maintained their relative position over time. The
tracking of the modern high-wheat pattern was lower, representing that subjects were less
stable in their relative position.
The mean dietary pattern score increased over time for both dietary patterns, however
the slope was considerably higher for the modern high-wheat pattern (Figure 3.1 A). To
understand how much of the increase in both scores was related to the increase in diet
diversity, we adjusted the scores by number of food groups consumed (Figure 3. 1B). After
adjustment, the traditional southern pattern had a flat trend over time, and the modern highwheat had only a slight increase. This means that for the modern high-wheat pattern, in order
to increase the score while holding the number of food groups constant, individuals were
either substituting other foods with food groups related to this pattern or had a higher
consumption of these.
To examine how the trends in the scores were translated into changes in dietary
intake, we estimated the percentage of consumers among those in the 4 highest quartile of the
scores of each dietary pattern in each wave (Table 3.5). The trends in consumption seen in
the entire sample (i.e. increases in most of the food groups) are equally found in subjects with
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high scores for either pattern. However, the increase in percentage of consumers in the food
groups positively related the modern high-wheat pattern, among the followers of this pattern,
is dramatic. For example from 1991 to 2009 wheat buns/breads increased from 7 to 67%;
cakes/cookies/pastries, 8 to 24%; deep-fried wheat 23 to 51%; fruits, 25 to 55%; soy milk, 6
to 44%; and instant noodles/frozen dumplings, 0 to 36%. This large increase in consumption
of key food groups associated with the modern high-wheat dietary pattern can explain the
upward trend observed in the score of this pattern. While we only present food groups
relevant for the dietary patterns in Table 3.5, we also examined food groups excluded from
the dietary pattern analysis due to low proportion of consumers (not shown), we found that
none of these food groups had a higher percent of consumers in one of the dietary patterns,
with the exception of deep-fried rice/legumes (traditional southern: 5-6% of consumers in the
4th highest quartile, versus 1-2% of consumers in the modern high-wheat dietary pattern).
Finally, we run multiple linear regressions in each wave and looked at how sociodemographic factors were related to the traditional southern and modern high-wheat dietary
patterns (Table 3.6). Geographical region was strongly associated with the traditional
southern pattern, with lower scores in the central and north compared to the south.
Interestingly the score difference between regions decreased over time, mainly due a slight
increase over time in the North and Central region and a slight decrease in the score in the
South. Urbanicity was strongly associated with the modern high-wheat pattern, with higher
scores among those living in more urbanized areas. Males had a slightly higher score for
traditional southern pattern and slightly lower score for modern high-wheat compared to
females. Higher education, income, urbancity level, and alcohol intake were associated with
higher scores in both dietary patterns, however the strength of the association decreased over
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time. Adjusting by number of food groups consumed did not affect the estimates, although
differences for education, income and urbanicity level were largely attenuated (data not
shown).
Discussion
In this longitudinal study that included 7 waves of diet data over the course of 18
years (from 1991 to 2009), we derived two dietary patterns using factor analysis: a traditional
southern pattern characterized by rice, vegetables, meat, poultry and fish; and a modern highwheat pattern characterized by wheat products, nuts, fruits, eggs, milk and instant
noodles/frozen dumpling. Despite the rapid increase in diet diversity, the structure of these
two dietary patterns remained stable over time, meaning that the type of foods the population
chose to eat in combination has not changed. However, compared to the traditional southern
pattern, the scores of the modern high-wheat pattern had lower tracking and steeper upward
trend over time, indicating that this pattern is more dynamic and is becoming more popular
over time. Higher education, income and urbanicity level were all related to higher scores in
both patterns, but the difference in pattern scores between these socio-economic groups
became smaller over time, reflecting that access to these dietary pattern is becoming more
widely available.
Although this is the first study to assess longitudinal trends in dietary patterns over
time in China, previous studies have looked at dietary patterns at one point. Whereas our
findings differ from studies in specific urban areas, such as studies in Shanghai57-60, they are
most similar to findings in nationally representative samples, such as the China National
Nutrition and Health Survey. Previously identified patterns are “yellow earth” or “traditional
northern” high in wheat products, maize or sorghum and tubers; “green water” or “traditional
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southern” high in rice, vegetables, seafood, pork and poultry; and “Western” high in beef,
fruit, eggs, poultry, seafood, tofu, milk, cake, fruit juice, beverages and nuts.47,48 Our
“traditional southern” pattern is comparable to the one previously described. However, our
“modern high-wheat” pattern could be considered as a combination of the “traditional
northern” and “Western” patterns that these previous studies have found. This is reasonable
because even in these studies, a considerably high intake of wheat, fried-wheat and other
cereals was observed in the “Western” pattern. In addition, in the Jiangsu province a pattern
similar to our “modern high-wheat” was found, in which the western-type pattern was also
related to fried-wheat and cakes61. Taken all together, it is clear that the regional tradition and
availability of wheat in the North and rice in the South is still a main driver in Chinese’s food
selection. It is interesting that wheat-patterns are more likely characterized by intake of more
varied and western-type foods. Possibly, compared to rice, there is a wider range of foods
that can be prepared with wheat, and a wider range of foods that can be accompanying a
wheat-based food, therefore facilitating the incorporation of new foods among subjects used
to consume wheat.
Even if the general structure of both dietary patterns remained stable over time, the
tracking or in other words the stability of the relative position of each subject’s factor score
between two points in time was higher for the traditional southern pattern than for the
modern high-wheat. This is comparable to a study in Japan62, where among the prudent,
traditional and westernized patterns, the traditional had the highest tracking among men. The
degree of tracking that we found in the traditional southern pattern was remarkably high, the
correlation coefficient between scores from 18 years apart (1991-2009) was 0.68, which is
similar to what other studies in the US63, Sweden64 and Japan62 have found but in only one
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year apart (0.56 to 0.77). In studies with 4 or 10 years apart in England53 and Sweden29,
correlation coefficients have been found to be around 0.30 to 0.52. The correlation
coefficients in these studies, might not be directly comparable to ours because they, instead
of applied, used natural scores (scores from each point in time are calculated from the
loadings of the pattern specific to each point in time); however, previous studies using both
applied and natural scores, have found very similar correlation coefficients27,53. This means
that relative to dietary patterns in other countries, the traditional southern pattern is China is
very stable and well defined, and subjects that have high scores at present are expected to
maintain their high scores for a long period. However, it is noteworthy that the tracking in the
traditional southern pattern decreased over time, between 1991 and 1993 the correlation
coefficient was 0.79, whereas in more recent years, between a similar 2 or 3 years interval
the correlations were lower (0.71 for 2004-2006 and 0.67 for 2006-2009), reflecting that with
time, subjects might be losing their stable intake of this pattern.
In this study we confirmed that the increase in diet diversity previously observed in
1989 to 199710, is a phenomenon still going on through 2009. Factor scores would be
affected by diet diversity because they are similar to a weighted sum of several food groups,
so with the exception of food groups with negative loadings, it is expected that the higher the
number of food groups consumed, to a lesser or greater extent the higher the factor score.
Therefore in the context of increasing diet diversity, the absolute factor scores trend over
time represents the degree of adherence to a certain pattern as well as the overall number of
food groups consumed. An alternative is to adjust by number of food groups consumed,
because the only way to increase the factor score while holding the number of food groups
consumed constant is to substitute with food groups related to the diet pattern and/or to
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increase the amount consumed of these food groups. In our results we found that in
comparison with the traditional southern pattern, the modern high-wheat had a higher
increase over time, and that even after adjusting by number of food groups consumed, the
modern high-wheat pattern showed an upward trend. A clear illustration of this trend is the
remarkable changes in the diets of those following this pattern (subjects with scores in the
highest quartile of their year); although the increase in food groups such as fruits and soymilk is beneficial, the sharp increase in items like cakes/cookies/pastries, deep-fried wheat or
instant noodles is worrisome. In addition, it is of public health importance that with time, this
pattern seems to be becoming more available to all urban/rural, income, and education
groups.
The key strength of our study is the several repeated measures of diet in the same
subjects, which allows us to assess for the first time the stability and tracking of dietary
patterns in the Chinese population. Even though there were changes in our sample because
not all the subjects had the 7 waves of diet complete, we believe our comparisons between
years were not affected by this, not only because all subjects were present for at least three
waves but also because we adjusted all of our results by age and geographical region.
A limitation in our study was that the diet measurement only captured three
consecutive days of intake. Though the advantages of this method are important because the
diet measurement is very detailed and precise, and the same method can remained constant
over time, a disadvantage for this analysis is that the intake of important food groups that in
this country are still only episodically consumed could not be captured. Items like dairy
products, candies/other high-sugar foods, western-style fast food, salty snacks or caloricallysweetened beverages had a very low proportion of consumers in a 3-day period and hence we
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were not able to include these in our factor analysis. Therefore, we do not exclude the
possibility that a new, separate western pattern emerged within the studied period, and we
were not able to identify it.
In line with this, another important limitation common to all countries, is that the
number of foods available in the food supply exceeds by far the number of those available in
food composition tables. In the US for example, there are over 85,000 uniquely formulated
products in the food system, whereas national food composition tables only have around
7,600 unique foods65. China has the world’s fastest growth in supermarkets66, and our survey,
because of the inability to keep up with the rapidly changing food supply landscape, is unable
to capture all the changes in intake, particularly of processed packaged foods. In addition, our
dietary assessment, focuses on the measurement of foods at the ingredient and not at the dish
level, this is very advantageous because recipes vary considerably between households10 and
few mixed dishes are available in the Chinese food composition table, however we miss this
important behavioral aspect of diet, and important changes in dish selection might be going
on.
In sum, to the best of our knowledge, this is the first study to assess the stability and
tracking over time of dietary patterns in the Chinese population. We found that the way foods
are eaten in combination has not changed much between 1991 and 2009. The degree of
adherence to a traditional southern pattern has remained unchanged and there was remarkable
inter-individual consistency in consumption of foods central to this pattern. On the other
hand, the modern high-wheat pattern has become more prominent in the population and there
was more within-subject variation in their adherence level. The trend observed in this modern
high-wheat pattern may as well reflect the global influence and economic rise of the last
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decades in China. Close attention should be given to this pattern because it is associated with
many energy-dense foods that may affect diet quality. So far, the northern part of the country
and subjects with better socio-economic position or in urban areas are more prone to follow
this pattern, but it seems that the reach of this pattern is extending towards the general
population. Among the followers of this modern high-wheat pattern, a willingness to
diversify dietary intake and increase the intake of equally healthful foods like fruits was
evident; therefore great opportunity also lies in the promotion of healthy foods and in the
efforts to increase their intake in this population.
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Tables and Figures

Table 3.1 General characteristics of study sample by wave*

N
Mean Age in 1991, years
Geographical region†, %
North
Central
South
Male, %
Overweight (BMI ≥23 kg/m2 67), %
Education, %
None
Primary school
≥Lower middle school
Income‡, %
Low
Medium
High
Urbanicity §, %
Low
Medium
High
Currently smoking, %
Females
Males
Alcohol intake ≥3 times/week, %
Females
Males

1991

1993

1997

2000

2004

2006

2009

5521
37.3

5732
36.8

6702
35.0

7410
33.5

6831
32.2

6488
31.7

5658
30.7

9.6
37.2
53.2
50.2
32.9

9.3
37.4
53.3
49.8
35.4

9.9
36.9
53.1
49.7
43.2

19.7
33.4
46.9
49.1
50.6

21.5
32.8
45.7
48.5
52.4

22.1
32.9
45.0
47.8
54.3

21.9
33.1
45.0
48.3
56.7

25.5
23.7
50.8

24.0
23.7
52.1

23.7
24.7
51.3

20.0
24.4
55.2

18.0
25.8
56.0

23.1
20.1
56.6

24.4
21.9
53.6

87.8
7.5
0.6

82.2
13.0
1.2

74.5
19.8
2.5

63.6
27.9
5.9

56.0
28.9
14.2

50.5
30.2
18.6

33.6
33.2
33.4

72.8
25.2
2.1

67.9
30.6
1.5

57.6
32.1
10.4

49.3
26.6
24.1

45.9
22.7
31.5

40.7
27.0
32.3

32.7
34.0
33.3

3.1
69.8

3.5
67.9

3.8
64.5

3.3
63.6

3.2
60.8

2.9
58.5

3.3
58.6

1.7
25.6

2.1
29.9

2.9
30.2

2.7
32.1

1.9
31.9

1.9
31.7

2.4
31.7

*

All variables (except age in 1991 and geographical region) are adjusted by age in 1991 and geographical
region.
†Estimated from per capita household income inflated to 2009, categories based on cutoff values of tertiles in
2009.
‡North: Heilongjiang and Liaoning provinces; Central: Shandong, Henan and Jiangsu; South: Hubei,
Guizhou, Hunan and Guangxi.
§ Estimated from urbanicity index, a multicomponent scale that considers population density, economic
activity, modern markets, transportation, etc.68, categories based on cutoff values of tertiles in 2009.
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Table 3.2 Mean energy intake, number of food groups consumed and percentage of
consumers for different food groups by wave*

Energy, kJ/day†
Number of food groups
consumed, (min, max)
Percentage of consumers, %
Rice
Wheat noodles
Wheat flour
Wheat buns, breads
Cakes, cookies and pastries
Deep-fried wheat
Corn and coarse grains
Starchy roots and tubers
Fresh legumes
Dried legumes
Legume products
Nuts and seeds
Starchy roots and tubers
products
Fresh vegetables, non-leafy
Fresh vegetables, leafy
Pickled, salted or canned
vegetables
Dried vegetables
Fruits
Low-fat red meat
High-fat red meat
Low-fat pork
High-fat pork
Organ meats
Poultry and game
Eggs and eggs products
Fish and seafood
Soy milk
Animal-based milk
Instant noodles and frozen
dumplings

1991

1993

1997

2000

2004

2006

2009

6586
7.2
(1, 19)

6548
7.5
(2, 19)

6431
7.9
(2, 21)

6607
8.2
(2, 19)

6623
8.7
(2, 20)

6745
9.1
(2, 22)

6853
9.8
(2, 21)

84
23
51
3
3
6
21
41
38
14
41
8

84
32
42
12
4
8
23
39
37
14
41
6

87
38
40
13
3
7
22
41
41
13
50
8

88
42
41
15
3
8
22
37
47
12
49
9

87
47
36
28
6
12
24
44
47
13
50
9

87
54
28
34
8
14
23
45
54
12
49
8

90
55
25
37
8
15
26
50
53
12
54
11

9

9

11

11

11

8

9

75
86

77
87

76
87

83
86

84
88

87
83

90
85

30
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26

25

22

22

23

9
11
6
4
9
55
9
11
34
32
2
1

11
10
9
5
11
57
9
12
32
32
2
1

9
12
7
8
11
57
9
16
49
34
2
1

9
11
7
8
10
64
10
18
51
34
4
3

7
17
4
12
12
64
9
18
53
36
5
7

8
23
3
13
12
69
8
18
59
37
10
6

10
32
4
10
13
73
10
24
64
42
12
5

0

0

2

2

4

12

15

*

All variables are adjusted by age in 1991 and region, food groups with ≤5% of consumers in all waves not
shown.
† conversion factor 1 kcal = 4∙184 kJ
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Table 3.3 Exploratory Factor Analysis at each wave*

33

Rice
Wheat noodles
Wheat flour
Wheat buns, breads
Cakes, cookies and
pastries
Deep-fried wheat
Corn and coarse grain
Starchy roots and tubers
Fresh legumes
Dried legumes
Legume products
Nuts and seeds
Starchy roots and tubers
products
Fresh vegetables, nonleafy
Fresh vegetables, leafy
Pickled, salted or canned
vegetables
Dried vegetables
Fruits
Low-fat red meat
High-fat red meat
Low-fat pork
High-fat pork
Organ meats
Poultry and game

1991

Traditional southern dietary pattern
1993 1997 2000 2004 2006

2009

1991

Modern high-wheat dietary pattern
1993 1997 2000 2004 2006

2009

0.87
0.30
-0.80
─

0.87
0.27
-0.82
─

0.73
0.28
-0.86
-0.30

0.56
─
-0.66
-0.27

0.76
─
-0.59
-0.53

0.64
─
-0.67
-0.44

0.50
─
-0.50
-0.49

─
─
─
0.33

-0.25
─
─
0.40

-0.25
─
─
0.39

-0.41
─
0.26
0.40

-0.20
─
─
0.37

-0.28
─
─
0.48

-0.30
-0.22
─
0.45

─

─

─

─

─

─

─

0.31

0.48

0.53

0.51

0.57

0.53

0.41

─
-0.84
─
─
─
─
─

-0.28
-0.78
─
─
─
─
─

─
-0.76
─
─
─
─
─

─
-0.65
─
─
─
─
─

-0.37
-0.64
─
─
─
─
─

─
-0.53
─
─
─
─
─

─
-0.35
-0.27
-0.20
0.23
─
0.21

0.46
─
─
─
─
0.24
0.42

0.70
─
─
─
─
─
0.33

0.57
─
─
─
─
─
0.24

0.71
0.28
─
─
─
─
0.26

0.63
─
─
─
─
─
0.28

0.76
─
0.20
0.20
─
─
0.34

0.74
0.28
─
─
─
─
0.30

-0.30

─

─

─

─

─

─

0.30

0.32

0.26

0.26

0.24

0.28

0.26

─

─

─

─

─

─

─

─

─

─

─

─

─

─

0.25

0.21

0.22

0.22

0.21

0.32

0.46

─

─

0.23

─

─

─

─

0.28

─

0.21

0.25

─

─

─

─

─

─

─

─

─

─

─
─
0.31
─
0.32
0.32
0.40
0.31

─
─
0.50
─
0.40
0.36
0.49
0.40

0.21
─
0.40
─
0.26
0.44
0.39
0.32

─
─
0.48
0.24
0.32
0.48
0.53
0.53

0.31
─
0.33
─
0.49
0.27
0.32
0.34

0.24
─
0.47
0.28
0.30
0.34
0.43
0.49

0.33
─
0.38
0.27
0.35
0.43
0.48
0.48

─
0.43
0.40
0.37
0.25
0.49
0.45
0.44

─
0.57
0.25
0.37
0.30
0.34
0.32
0.44

0.25
0.46
0.28
0.46
─
0.44
0.46
0.47

─
0.35
0.20
0.24
─
0.25
0.24
0.25

0.25
0.56
─
0.36
─
0.32
0.37
0.40

─
0.55
─
0.22
─
─
─
─

─
0.44
─
0.29
─
─
─
─
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Eggs and eggs products
Fish and seafood
Soy milk
Animal-based milk
Instant noodles and
frozen dumplings

─
0.34
─
─

─
0.39
─
─

─
0.37
─
─

─
0.48
─
─

─
0.45
-0.27
─

─
0.46
─
─

─
0.43
─
─

0.48
0.44
0.55
0.64

0.45
0.33
0.79
0.68

0.42
0.41
0.58
0.56

0.38
─
0.72
0.58

0.39
0.34
0.69
0.67

0.37
0.26
0.76
0.53

0.30
0.24
0.78
0.49

NA

NA

─

─

─

─

─

NA

NA

0.47

0.40

0.27

0.41

0.44

NA; not applicable
a
Loadings >=0.30 are in bold numbers, loadings <0.20 not shown.
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Table 3.4 Tracking of dietary patterns: Pearson correlation coefficients of factor scores
between waves for traditional southern (lower diagonal) and modern high-wheat (upper
diagonal).*
1991
1991
1993
1997
2000
2004
2006
2009

0.80
0.79
0.73
0.74
0.73
0.69

1993

1997

2000

2004

2006

2009

0.63

0.55
0.61

0.52
0.56
0.57

0.52
0.57
0.56
0.56

0.49
0.52
0.52
0.53
0.62

0.46
0.48
0.48
0.48
0.56
0.59

0.81
0.76
0.77
0.76
0.72

0.76
0.74
0.72
0.71

0.72
0.70
0.68

*

0.72
0.67

0.67

Pearson correlation coefficients were estimated between all available subjects for each pair of waves, therefore
sample size for each coefficient is different. Sample size ranges from n=2888 (1991-2009) to n=5884 (2000-2004)
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Table 3.5 Mean energy intake, number of food groups consumed and percentage
of consumers for relevant food groups, among those in the 4th highest quartile of
the factor score in each dietary pattern and year.*

Energy, kJ/day†
Number of food groups consumed
Percentage of consumers, %
Rice
Wheat flour
Wheat buns, breads
Cakes, cookies and pastries
Deep-fried wheat
Corn and coarse grains
Nuts and seeds
Starchy roots and tubers products
Fresh vegetables, leafy
Fruits
Low-fat red meat
High-fat red meat
Low-fat pork
High-fat pork
Organ meats
Poultry and game
Eggs and eggs products
Fish and seafood
Soy milk
Animal-based milk
Instant noodles and frozen dumplings

Traditional southern
1991 2000
2009

Modern high-wheat
1991 2000 2009

6947
8.4

7272
9.4

7430
10.7

7158
9.1

7140
10.9

7667
12.9

100
9
3
3
5
1
10
6
97
13
16
5
18
87
27
30
37
60
1
2
0

100
7
5
3
4
2
12
11
95
19
19
15
20
91
29
44
55
65
2
3
2

100
4
15
9
9
4
16
7
96
40
9
18
24
93
25
50
64
68
8
7
14

67
82
7
8
23
38
17
21
87
25
9
9
8
75
13
18
57
42
6
4
0

82
61
33
12
31
37
17
19
88
26
12
16
11
82
19
31
77
48
15
11
8

84
35
67
24
51
42
22
16
88
55
6
18
15
83
14
33
83
56
44
18
36

* All variables are adjusted by age in 1991 and region, numbers in bold are for relevant food groups in
each dietary pattern (loadings ≥0.20 in all waves), food groups not relevant for any dietary pattern are not
shown.
† conversion factor 1 kcal = 4∙184 kJ
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Table 3.6 Factor score differences by sample characteristics in each wave
Traditional southern

Age in 1991, 10 years increment
Region
Central vs. South
North vs. South
Male vs. female
Education
Primary school vs. none
≥Lower middle school vs. none
Income
Medium vs. Low
High vs. Low
Urbanicity
Medium vs. Low
High vs. Low
Smoking vs. non-smoking
Alcohol intake
≥3 times/wk vs. <3 times/wk

N
Score mean
Score range (min, max)
Standard deviation

Modern high-wheat

1991

2000

2009

1991

2000

2009

0.01

-0.02*

-0.04*

0.02*

0.01

-0.02

-1.07*
-0.85*
0.03

-0.83*
-0.78*
0.07*

-0.77*
-0.65*
0.05*

0.61*
0.60*
-0.07*

0.72*
0.38*
-0.06*

0.67*
0.60*
-0.08*

0.13*
0.15*

0.11*
0.09*

0.06*
0.04

0.11*
0.23*

0.08*
0.20*

0.06*
0.19*

0.27*
0.17

0.24*
0.35*

0.11*
0.22*

0.06*
0.22*

0.11*
0.18*

0.05
0.18*

0.26*
0.08
-0.05

0.24*
0.45*
-0.03

0.20*
0.43*
0.02

0.49*
0.78*
0.02

0.38*
0.61*
-0.01

0.38*
0.72*
0.01

0.16*

0.08*

0.06*

0.08*

0.10*

0.06*

4,785
-0.14
-2.3, 2.4
0.90

6,172
0.00
-2.4, 2.3
0.80

5,553
0.11
-2.5, 2.2
0.68

4,785
-0.18
-1.5, 2.3
0.69

6,172
0.06
-1.6, 2.6
0.73

5,553
0.49
-1.6, 3.0
0.81

* p<0.05; score differences based on a multiple linear regression that included all variables
shown in table
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Supplemental Table 3.1 Examples of food items for each food group.
Food group
Rice
Wheat noodles
Wheat flour
Wheat buns, breads
Cakes, cookies and pastries
Deep-fried wheat
Deep-fried rice and legumes
Corn and coarse grain
Starchy roots and tubers
Fresh legumes
Dried legumes
Legume products
Nuts and seeds
Starchy roots products and
tubers products
Fresh vegetables, non-leafy
Fresh vegetables, leafy
Pickled, salted or canned
vegetables
Dried vegetables
Seaweed
Fruits
Dried fruit
Preserved fruit with added
sugar
Low-fat red meat
High-fat red meat
Low-fat pork
High-fat pork
Organ meats
Processed meats
Poultry and game
Eggs and eggs products
Fish and seafood
Soy milk
Animal-based milk
Dairy products

Examples of food items
White and brown rice
Wheat noodles
Wheat flour
Bun, butter bread, salty bread
Cookies, mooncake, fruit cake, chocolate cake, fruit pie
Deep-fried dough stick, deep-fried cake with red bean paste and sugar,
deep-fried sweet sesame seed ball
Deep-fried rice flour doughnut, deep-fried soybean, deep-fried broad
bean
Corn, corn grits, corn flour, barley, oats, foxtail millet, sorghum
Potato, yam, taro, lotus root, water chestnut, cassava, sweet potato
Soybean sprouts, peas with pod, mung bean sprouts
Soybean flour, dried beans, beans flour, roasted broad bean
Tofu, tofu products, red/mung bean paste
Sesame, sunflower, watermelon seeds, lotus seeds, peanuts, walnuts,
almonds, hazelnuts, pine-nuts, pistachios, cashew nuts
Potato starch, lotus root starch, potato flour, corn starch, starch
Cauliflower, tomatoes, cucumber, zucchini, mushrooms
Spinach, ‘bok choy’, cabbage
Canned tomato sauce, preserved vegetables, vegetables in soy sauce
Dried radish, dried bamboo shoot, dried lily
Fresh or dried seaweed
Fresh and canned (no added sugar) fruits
Dates, dried longan, raisins
Dried and canned fruit with added sugar
Low-fat beef, low-fat lamb, donkey, rabbit
High-fat beef, high-fat lamb
Pork tenderloin pork, pork tendons
Pork belly, leg, rib chop
Liver, kidney, large intestine, blood
Sausages, ham, luncheon meat, dried meat, smoked meat
Chicken, duck, goose
Whole eggs, yolk, white, preserved eggs
Fresh- and salt-water fish, dried fish, shellfish
Sweetened and un-sweetened soy milk
Cow milk, goat milk, skim milk, flavored milk
Cheese, yogurt
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Sweetened dairy products
Western-style fast-food
Instant noodles and frozen
dumplings
Ready-to-eat cereals/porridge
Salty snacks
Candy, sugar and other highsugar foods
Calorically-sweetened
beverages
Low-caloric beverages
Alcoholic beverages

Ice cream
Fried chicken, sandwich, hamburger, hotdog, pizza
Instant noodles, frozen dumplings
Instant multigrain porridge, corn flakes, instant oatmeal
Corn crisps, onion rings, potato chips,
Jelly, jam, chocolate, honey, sugar, candies
Fruit or flavored drinks, fruit juice, soft drinks
Tea, bottled water
Liquors, wine, vodka, cocktails, whiskey, beer
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Figure 3.1 Mean factor scores over time.
Panel A: adjusted by geographical region and age in 1991. Panel B: additionally
adjusted by number of food groups consumed.
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Chapter 4. Using both Principal Component Analysis and Reduced Rank Regression to
Study Dietary Patterns and Diabetes in Chinese Adults.
Overview
Diabetes is increasing in China and few studies have evaluated how dietary patterns
relate to this disease in this population. We used the strengths of both Principal Component
Analysis (PCA), to identify the eating patterns of the population; and Reduced Rank
Regression (RRR), to derive a pattern that explained the variation in HbA1c, HOMA-IR and
fasting glucose. We included 4,316 adults from the China Health and Nutrition Survey. Diet
was measured over a 3-day period with 24-hr recalls and a household food inventory in 2006,
and used to create dietary pattern scores using PCA and RRR. The outcomes were measured
in 2009. The adjusted Odds Ratio for diabetes prevalence (HbA1c ≥6.5%), comparing the
highest versus the lowest dietary pattern score quartile was 1.26 (0.76, 2.08) for a modern
high-wheat pattern (from PCA, wheat products, fruits, eggs, milk and instant noodles/frozen
dumpling), 0.76 (0.49, 1.17) for a traditional southern pattern (from PCA, rice, meat, poultry
and fish) and 2.37 (1.56, 3.60) for the pattern derived with RRR pattern. By comparing the
dietary pattern structure of RRR and PCA, we found that the RRR pattern was also
behaviorally meaningful, it combined the deleterious effects of the modern high-wheat
pattern (high intake of wheat buns & breads, deep-fried wheat, soy milk) with the deleterious
effects of eating the opposite to the traditional southern (low intake of rice, poultry & game,
fish & seafood). Our findings suggest that using both PCA and RRR provided useful insights
when studying the association of dietary patterns with diabetes.
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Introduction
Type 2 diabetes in China has been dramatically increasing over the last decades.
Among adults, diabetes prevalence was 3%69 in 1994 and 10% in 2007-08.42 It is known that
diet plays a key role in the prevention of diabetes, and attention has been devoted to
understand which aspects of diet have the largest potential in helping prevent this disease.70-72
The range of research goes from particular nutrients and food groups to dietary patterns.
The study of dietary patterns is appealing because they are closer approximations to
the dietary exposures actually experienced by the population, as people do not consume
single nutrients or foods but a combination of these in their daily diets. A common way to
select the foods that will be represented in a given dietary pattern is by using statistical
methods such as factor or principal component analysis (PCA). These methods derive linear
functions of foods that best explain the variation in the intake of many foods or food groups,
hence the resulting patterns represent foods that are typically consumed together by the
population.14,73 Although empirically derived dietary patterns are meaningful and describe
the eating behavior of the population they might not be the most predictive of a disease. In
contrast, Reduced Rank Regression (RRR) is similar to PCA in that is also a data reduction
technique that determines linear functions of food groups, but the linear function of foods
seeks to maximize the variation in outcome variables (e.g. disease related nutrients or
biomarkers), and possibly explain only a moderate fraction of food groups variation.74
The strength of one method is the limitation of the other; PCA identifies patterns that
have public health relevance because they describe the actual dietary patterns of the
population whereas the foods in the RRR are not necessarily consumed together and hence
could be behaviorally irrelevant. Conversely, the patterns from RRR are by definition
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associated with the outcome or response variables, which might not be the case for PCA
patterns. Therefore both methods can complement each other and provide useful insights
when compared side by side. For the PCA patterns, RRR patterns could help as a reference of
the largest possible strength of association a data driven dietary pattern can have, which can
help put in perspective the findings from PCA. On the contrary for the RRR, the PCA
patterns can be a reference of which foods are eaten in combination, this can put in
perspective how behaviorally meaningful the RRR dietary patterns are. In addition, RRR can
help generate hypotheses about which key food components of a pattern are related to
diabetes, and PCA can help identify whether these foods define the eating patterns of the
population.
Few studies have looked at the association between dietary patterns and diabetes or
insulin resistance among Chinese adults,58,61,75 and none of these have used RRR. Therefore
our aim in this study was to use both PCA and RRR and to complement each other by
comparing the derived patterns and their strength of association with diabetes and insulin
resistance. For the RRR we selected response variables that directly represent our outcomes
of interest (HbA1c, fasting glucose and HOMA-IR). Typically RRR is used on intermediate
response variables so that the dietary pattern can incorporate information about biological
pathways.73 However we were not interested in identifying biological pathways, but on
identifying the dietary pattern that was most closely related to our outcome of interest.
Therefore, our RRR dietary pattern should be considered more as an initial hypothesis and
not as a pattern with established association.
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Methods
Study design and participants
We included participants of the China Health and Nutrition Survey (CHNS), an
ongoing study with detailed income, employment, education, demographic, health, and diet
information elsewhere.49 Briefly, the survey was designed to examine across space and time
how economic and social changes are associated with a range of health behaviors. A
multistage, random cluster process was used to draw the sample in 9 provinces. Survey
protocols, instruments, and the process for obtaining informed consent for this study were
approved by the institutional review committees of the University of North Carolina at
Chapel Hill (UNC-CH) and the Chinese Institute of Nutrition and Food Safety (INFS), China
Center for Disease Control and Prevention. Participants provided their written, informed
consent.
Surveys were conducted in 1989, 1991, 1993, 1997, 2000, 2004, 2006 and 2009.
Blood samples were collected for the first time in 2009, therefore in this analysis we only
included 2006 and 2009 surveys. Our exposure of interest, dietary intake, and covariates
were measured in 2006 and the diabetes related biomarkers were measured in 2009. Starting
with 5,840 eligible subjects that were part of the survey in 2006 and 2009, 18-65 years old in
2006, not previously diagnosed with diabetes (n=194 were previously diagnosed) and not
pregnant in 2006 or 2009 (n=40 were pregnant); we excluded those with missing dietary data
(n=127) or biomarkers (n=743), not fasting before blood withdrawal (n=213), with missing
BMI (n=273) or other covariates missing (n=167). Our final analytic sample was 4316. We
considered ineligible those that in any wave (1991 to 2009) reported being previously
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diagnosed with diabetes or taking diabetes medications because treatment might have
affected their dietary intake and/or biomarkers of glucose homeostasis.
Measurement of variables
Dietary assessment and food grouping
The dietary assessment in the CHNS is a combination of three consecutive days of
24-hour recalls at the individual level and a food inventory at household level performed over
the same three day period. The three consecutive days were randomly allocated to start from
Monday to Sunday. For the food inventory, all available foods at the household (purchased,
stored or home produced) were measured on daily basis with digital scales. The changes in
the household food inventory as well as the wastage were used to estimate total household
food consumption. For the 24-hour recall, trained interviewers recorded the types, amounts,
type of meal and place of consumption of all food items consumed. The amount of each dish
was estimated from the household food inventory, based on the proportion of each dished the
person reported to have consumed.
The food groups included in our analysis were based on a food grouping system
developed specifically for the CHNS by researchers from UNC-CH and INFS10 which
separates foods into nutritional and behavioral meaningful food groups. For the dietary
pattern analysis we did not include alcoholic beverages reported during three 24-hour recalls,
because it was mostly consumed by males, with very low consumption for females.
Nonetheless we included alcohol intake, reported from a frequency questionnaire as a
covariate in our models.
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Biomarkers
Blood samples were collected by venipuncture after an overnight fast. Glucose was
measured on the serum with a glucose oxidase phenol 4-amnioantipyrine peroxidase kit
(Randox, UK) in a Hitachi 7600 analyzer. HbA1c was measured on the whole blood by highperformance liquid chromatography with an automated glycohemoglobin analyzer (model
HLC-723 G7; Tosoh, Tokyo, Japan). Insulin was measured on the serum by
radioimmunology in a Gamma counter XH-6020 analyzer. The homeostasis model of insulin
resistance was estimated [HOMA-IR=(fasting insulin (μU/ml)* fasting glucose (mmol/l))/
22.5].76
We present results for HbA1c and not for glucose, and define diabetes based on
HbA1c ≥6.5%.77 Despite the controversies of using HbA1c as a diagnostic tool, it has the
advantage over a single measure of glucose to capture long-term glycemic exposure.78 In
addition, HbA1c correlates well with the risk of long-term diabetes complications and it has
been shown to be a reliable method for diabetes diagnosis in Chinese population.79-81
Diabetes definition was only based on HbA1c because those on diabetes treatment or
previously diagnosed were already excluded from the analyses.
Covariates
Physical activity was assessed with detailed self-report of time spent and intensity
levels for occupational and domestic activities, and Metabolic Equivalents per week were
estimated.82 Income was assessed at the household level with a detailed questionnaire that
included average salary for the last year for all household members, including bonus and
other sources of income (i.e. home gardening). Level of urbanization was determined by an
urbanicity scale that was developed for the CHNS, it includes components such as population
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density, economic activity, transportation infrastructure, sanitation, housing types, etc.68 For
all physical activity, income and urbanicity scale participants were classified into tertiles.
BMI was estimated from measured weight and height; weight was measured without shoes in
light clothing to the nearest 0.1 kg on a calibrated beam scale and height was measured also
without shoes with a portable SECA stadiometer to the nearest 0.2 cm. Other demographic
and lifestyle covariates included in the analysis were gender, age, geographical region
(North, Central or South), education level, smoking status and alcohol intake.
Statistical analysis
Dietary patterns analysis was performed on 29 food groups. Most food groups had a high
proportion of non-consumers; possibly due to the fact that diet intake was measured over a 3day period. Therefore, for food groups with <80% of consumers we categorized food group
intake into non-consumers vs. consumers and otherwise (rice, fresh non-leafy vegetables and
fresh leafy vegetables) below vs. above the median. We divided the food groups for which
the majority of the sample consumed as below or above median because there was little
variation left in consumption vs. non-consumption. Food groups with ≤5% of consumers
were not included in the dietary pattern analysis. For a full list of included and not included
food groups, and their description see Supplemental Table 4.1.
PCA (pca command) was first performed in Stata 12.1 (StataCorp, College Station,
TX) to evaluate the scree plot of the eigenvalues, based on this and interpretability we
decided to retain two components. The analysis was repeated in the equivalent procedure
PROC PLS with PCR method option (SAS 9.3, SAS Institute Inc., Cary, NC) in order to
obtain the percent of variation explained in the food groups and in the response variables by
each factor. RRR was performed with PROC PLS and RRR option with HbA1c, HOMA-IR
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and fasting glucose as response variables. Due to non-normality, all the response variables
were first natural log-transformed. Because RRR can potentially derive patterns that are
confounded by non-dietary factors,83 we also used adjusted food groups with the residual
method, a strategy previously used. 84,85 To estimate the residuals, we ran several logistic
regressions with each binary food group as the dependent variable and geographical region,
urbancity index, education and income as the independent variables. These residuals
(difference between the observed and the predicted probability) were used as intake variables
on the RRR procedure. Variable selection for the estimation of residuals was based in a
previous work (Batis et al, unpublished data, 2013) where we found that in this population,
these variables were the most influential on dietary patterns. We did not include energy
intake in the residual method because we hypothesized it is in the causal pathway between
the dietary pattern and diabetes. We adjusted by height, as an alternative to adjust by energy
requirements but not by energy intake; because the pattern was unchanged with and without
the inclusion of height, we present the pattern that did not include it. Also, because the RRR
dietary pattern derived from the residuals was less confounded by non-dietary factors; on our
main results we do not present the RRR performed with the original intake variables, but this
is presented on Supplemental Tables 4.2 and 4.3. We did not use residuals in the PCA
because here the aim is to describe how the population eats and there is no interest in
adjusting by the factors that may influence these dietary patterns.
For RRR, the maximum number of factors we were able to obtain was three,
corresponding to the number of response variables. We retained only the first factor because
this one explained most of the variation in the response variables and was the only one with
significant associations. Even if for PCA we retained two factors, the results are still
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comparable between the two methods, because the number of factors retained does not affect
the structure of the derived patterns or the explained variation of each. For each individual a
score was calculated for each dietary pattern (for each PCA and RRR) as a weighted sum of
the food groups based on the factor loadings. The higher the score, the more closely the
participant’s diet conforms to the dietary pattern.
Although we knew the dietary pattern scores from RRR would had a stronger
association with the outcomes, we ran multiple linear (for HbA1c and HOMA-IR) and
logistic (for diabetes) regressions for each dietary pattern, to identify how different was the
strength of association between RRR and PCA factors. Because HbA1c and HOMA-IR were
natural log-transformed, the regression coefficients were multiplied by 100 so that they could
be interpreted as the percent change in the outcome due to 1 unit increase in the independent
variable. We present both by quartiles of the dietary pattern score and by the continuous
increment in the score (1 standard deviation unit increase). First we adjusted by gender,
smoking (yes/no), alcohol (≥3 times/week vs. <3 times/week), education (none, primary
school, ≥ lower middle school), region (South, Central, North), age, income, urbancity index,
physical activity (continuous). We did not adjust initially by BMI, because we hypothesized
it was in the causal pathway, but to estimate the dietary pattern association independent of
BMI, in a second model we additionally adjusted by BMI (continuous). The clustering at the
household level was accounted for in the estimation of the variance.
Results
Compared to those with non-diabetic, those classified as diabetic were older, a higher
proportion lived in the Central region, had a higher BMI, a higher proportion of males
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consumed alcohol regularly, had lower education, income, physical activity levels and lived
in more urbanized areas (Table 4.1).
The first factor from PCA was inversely associated with the intake of rice and
positively associated with wheat buns & breads, cakes/cookies and pastries, deep-fried
wheat, fruits, eggs, soy milk, animal-based milk and instant noodles and frozen dumplings
(Table 4.2). In this population we have previously found a similar pattern and named it
“modern high-wheat” (Batis et al, unpublished data, 2013). The second factor from PCA was
positively related to rice, high-fat pork, organ meats, poultry & game, fish & seafood and
inversely associated with wheat flour, wheat buns & breads and corn & coarse grains. This
pattern has been previously named “traditional southern” (Batis et al, unpublished data,
2013). The factor loadings from RRR seemed to be close to the modern high-wheat dietary
pattern (PCA 1) and opposite to the traditional southern at the same time (PCA 2). As in the
modern high-wheat, the RRR pattern was also inversely associated with rice and positively
associated with wheat buns & breads, deep-fried wheat and soy milk; and in the opposite
direction to the traditional southern it was negatively related to rice, poultry & game and fish
& seafood. In addition, the RRR pattern was positively associated with wheat noodles and
negatively associated with fresh legumes, items that were not related to the PCA patterns.
Eggs & eggs products, was the only item that was associated in the opposite direction in
RRR and the modern high-wheat pattern.
As expected the percent variation explained in food groups was higher for the PCA
factors, and the percent variation explained in the responses tended to be higher for the RRR.
The percent explained for HbA1c was higher in the PCA 2 than in the RRR, which could be
related to using adjusted food groups in the RRR.
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Both PCA factors (modern high-wheat and traditional southern) had a very strong
association with HbA1c and Diabetes that was greatly weaken after adjustment by covariates,
on the contrary the estimates for the RRR were only slightly closer to the null after
adjustment, which is also related to use of residuals in RRR (Tables 4.3 and 4.4). For the
adjusted estimates, comparing the fourth versus the first quartile, regression coefficients from
the three dietary patterns were significantly different from zero for HbA1c; the association
was positive for the modern high-wheat and RRR, and negative for the traditional southern
dietary pattern. For HOMA-IR only the traditional southern had a negative association and
the RRR pattern a positive one. For diabetes only the dietary pattern from RRR had a
significant positive association. Comparing to the RRR dietary pattern, the strength of
association of the PCA-based modern high-wheat pattern was 55%, 88% and 73% weaker for
HbA1c, HOMA-IR and diabetes respectively; whereas for the traditional southern it was
41% and 68% weaker for HbA1c and diabetes and 13% stronger for HOMA-IR (for
estimates from adjusted model 1, comparing 4th vs 1th quartile). Additionally adjusting by
BMI brought all the estimates closer to the null.
It is noteworthy that adjusting the food groups with the residual method changed the
structure of derived pattern. In the RRR pattern on the original variables the factor loading
for rice was -0.43, (which decrease to -0.22 when using residuals); and the only other food
groups strongly associated with this dietary pattern were wheat flour, wheat buns/breads,
deep-fried wheat, corn/coarse grain and soy milk. In addition, both the percent of variation
explained in the food groups and response variables, and the strength of association with the
outcomes for the unadjusted estimates was larger for the RRR on the original variables.
However, adjusting by covariates greatly weaken the estimates to the point that they were
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similar between the two patterns, which showed that the RRR dietary pattern using the
residuals was already less confounded (Supplemental Tables 4.2 and 4.3).
Discussion
In this study we used both PCA and RRR to study the association between dietary
patterns and diabetes in China. With PCA we found two dietary patterns that relate to the
eating behavior of this population; a modern high-wheat pattern was positively associated
with HbA1c, whereas a traditional southern pattern was negatively associated with HbA1c
and HOMA-IR. To put these associations in perspective, using the strength of association of
the RRR as a reference, we found that the association of the PCA patterns was ~50% and
~70% weaker for HbA1c and diabetes respectively. However the negative association of the
traditional southern pattern with HOMA-IR was comparable or even higher than the RRR
one. On the other hand, using as a reference the structure of the PCA patterns as being the
most behaviorally meaningful, we found that the RRR pattern was closely related to both
PCA patterns in that it combines the deleterious effects of following the modern high-wheat
pattern (high intake of wheat buns & breads, deep-fried wheat, soy milk) with the deleterious
effects of following a diet opposite to the traditional southern (low intake of rice, poultry &
game, fish & seafood). This gives public health relevance to the RRR pattern because it was
not only associated with markers of diabetes but it was also related to dietary patterns
actually followed by this population.
Another useful aspect of comparing the results from PCA and RRR is to identify
which are the food groups that differ between them. Based on this we can generate the
hypothesis that reduced fresh legumes and increased wheat noodles, even if not important
characteristics of behavioral dietary pattern they are important part of dietary pattern
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associated with diabetes. On the other hand, cakes, cookies & pastries, fruits, animal-based
milk, instant noodles & frozen dumplings, high-fat pork and organ meats even if important
for defining behavioral dietary patterns, they are not a key part of a diabetes-related dietary
pattern in this population. The reasons behind these findings could be both related to the
intrinsic nutritional characteristics of these food groups or to their distribution of
consumption in this population. For example cakes, cookies & pastries and instant noodles &
frozen dumplings are items that could potentially be related to diabetes, but the proportion of
consumers for these items was 8% and 12% respectively, so perhaps there was not enough
variability in their consumption to explain the variation in the outcomes.
With RRR we found that a dietary pattern high in wheat products and low in legumes,
poultry and fish was positively associated with diabetes, this is consistent with the literature.
Evidence suggests that glycemic index and staples like rice, noodles and steamed bread and
bread are associated with greater risk of diabetes, whereas higher intake of dietary fiber and
legumes have a protective effect against the disease.86-90 In our analysis, the RRR patterns
associated with diabetes markers were positively associated with many refined
carbohydrates-based foods such as wheat noodles, wheat buns & breads and deep-fried wheat
and negatively associated with fresh legumes. Fish & seafood were inversely related to our
RRR pattern, in meta-analyses that stratified by region it has been reported that fish intake
has a protective effect against diabetes in Asian countries.60,91,92 Poultry was also inversely
related to our RRR pattern, and there is evidence in Chinese population that the intake of
poultry is associated with decreased risk of type 2 diabetes.93
On the other hand, some of the food groups that were related to our RRR pattern are
inconsistent with what previous studies have reported. Eggs intake, particularly when
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comparing the intake of ≥1 per day versus <2 per week was associated with higher odds of
diabetes prevalence in a cross-sectional study in the Jiangsu province in China.94 In our
analysis, eggs intake were inversely related to the RRR pattern, it is possible that comparing
any consumption versus no consumption at all, as in our case, yields a different association;
or that subjects that consume eggs are less likely to consume red meat. In Shanghai, soy milk
has been found to be protective for diabetes incidence;87 however in our analysis this food
was positively associated with the RRR pattern. One reason could be that sweetened soy milk
is gaining popularity in China, however in our sample only 8% of the soy milk consumed
was sweetened. Another possibility is that in China it is common to have deep fried dough
accompanied with soy milk for breakfast, and this could be the reason why in our dietary
pattern analysis both food groups remained together in the same pattern.
Moreover, in our analysis, rice was inversely associated with the RRR patterns. Yet,
rice intake has been associated with higher risk of diabetes in the US, China and Japan.95 In a
study in Shanghai rice was the top contributor to glycemic load in the diet.86 However a
randomized trial substituting white rice with brown rice had no effect on metabolic risk
factors.96 In addition, studies in China assessing dietary patterns have found that subjects
following a “green water” pattern characterized by a high intake of rice and vegetables,
moderate intake of fish, poultry and pork and low intake of wheat and other cereals had the
lowest prevalence of glucose tolerance abnormalities in the 2002 China National Nutrition
and Health Survey75. Furthermore a pattern inversely related with rice and high in wheat was
positively associated with insulin resistance in the Jiangsu province.61 So it is possible that
rice evaluated independently is associated with increased risk, but that its intake is related to
a more healthful dietary pattern.
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A drawback from RRR is that the derived patterns have the potential to be
confounded by other non-dietary factors. For example, in our case it is also possible that rice
was inversely associated with the RRR pattern partially due to the fact that in the South the
consumption of rice is high and the prevalence of diabetes is low. The concept of using
residuals is to first adjust the food group before using them to derive the dietary patterns. The
impact of using the residuals can vary by population or research question, if confounding
factors are not strongly related to both the food groups and the response variables then using
or not the residuals should not make a difference, as previous studies have found.84 In our
analysis, it made a difference to use the residual method to adjust the food groups before
performing the RRR method. The structure of the dietary pattern differed (i.e. the loading for
rice became weaker and other food groups emerged), and the change in estimate from the
unadjusted to the adjusted by covariates was much larger for the RRR performed on the
original intake variables than for the RRR from the residuals. Even when the adjusted
estimates were relatively similar, it is preferable to have a dietary pattern that is already less
biased, and therefore using the residuals was a useful approach.
Four studies have used RRR on biomarkers and dietary intake data to derive dietary
patterns that predict diabetes in American and European populations.84,85,97,98 They used diet
intake and response variables that were measured simultaneously at baseline among
individuals not diagnosed with type 2 diabetes, then the relationship between the dietary
pattern score and incident diabetes during several years of follow-up was assessed. Some of
the response variables used were inflammatory biomarkers,97,98 HDL cholesterol,85,98 HbA1c,
adiponectin,98 HOMA-IR,84 BMI, fasting glucose, triglycerides and blood pressure.85 All of
these studies found that the RRR pattern was predictive of incident diabetes. Common

55

aspects in their dietary patterns were that all of them were associated with refined grains and
caloric soft drinks, 3 of them were associated with processed meat, and half of them were
associated with red meat, low-caloric soft drinks, and negatively associated with vegetables
and wine. However even when the patterns had items in common, Imamura et al. found that
the patterns from the studies conducted in Europe84,98 were not generalizable to their US
population.85 Therefore, the pattern that we found in a Chinese population might be even less
comparable; still we also found that refined carbohydrates were a very important part of this
dietary pattern.
Several studies have compared dietary patterns derived from RRR and PCA with
different health outcomes; they have mainly focused on comparing which method yields
more significant associations.74,99-103 All except for one99 concluded that RRR derived
stronger or more statistical significant patterns. Still when comparing only the first factor
from PCA and RRR the estimates in all these studies were always stronger with RRR. More
importantly, from the studies that present the factor loadings for both methods, in the
majority99,101,102 their first RRR and PCA factors were relatively similar. In our analysis, we
also found that the RRR patterns were closely related to the PCA patterns, this is an
important finding because it means that patterns from RRR are also behaviorally meaningful.
Therefore when using RRR, it should be encouraged to compare it with PCA patterns and
confirm if the RRR pattern has a behavioral significance in the population under study.
To best of our knowledge this is the first study that compares RRR and PCA in
relation to diabetes in Chinese population. A strength of our analysis is that we were not
limited to a specific urban area or province; the surveyed provinces in our sample represent
56% of the Chinese population. Another strength is the longitudinal nature of the study, the
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temporal sequence is unambiguous because diet was measured in 2006 and the outcome was
measured in 2009. Although this design has advantages over cross-sectional studies, a key
limitation of our analysis is that biomarkers of glucose homeostasis were only measured for
the first time in 2009; therefore we could not distinguish between incident and prevalent
diabetes. Nonetheless, particularly when assessing HbA1c and HOMA-IR, even if subjects
had HbA1c ≥6.5% before 2009 and were already undiagnosed diabetics, diet could still
influence their biomarker values. In addition, to avoid reverse causality (i.e. subjects
improving their diet because of diabetes diagnosis) we excluded all the subjects that reported
being previously diagnosed with diabetes.
The dietary assessment in the CHNS is very detailed and precise, however because it
covers only 3 days of intake it is not the best measure of usual intake.10,49,104 However we
found that the variation explained in the response variables and food groups was comparable
to what other studies have found using Food Frequency Questionnaire.74,84 Another limitation
of not having usual intake, is that proportion of consumers during 3 days was very low (≤
5%) for many key food groups such as preserved fruit with added sugar, processed meats,
sweetened dairy products, Western-style fast-food, salty snacks, ready-to-eat
cereals/porridge, calorically-sweetened beverages, and low-caloric beverages. It is possible
that these foods are important for the development of diabetes in this population, however
because over a 3-day period they were not widely consumed we were not able to include
these in our dietary pattern analysis. Particularly important are caloric beverages, although
compared to the US the intake is still low in China, it was increasing between 2000 and
2010.105 If this trend continues future research might find that caloric beverages are related to
diabetes in China, as studies among Chinese Singaporeans have already reported.106
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In sum, we found that using both methods gave important insights. The aim of each
PCA and RRR is different and their results complement each other. We found that in
comparison to the RRR, the method that aims to derive patterns that are related to the
outcome, a traditional southern dietary pattern derived with PCA had a comparable strength
of association with insulin resistance (negative association). Also, that in comparison with
the PCA, the method that aims to describe the eating behavior of the population, the foods
identified in the RRR were in line with the type of foods the population eats in combination.
According to our findings, we can hypothesize that from the modern high-wheat pattern the
key combination of foods associated with diabetes is wheat buns & breads, deep-fried wheat
and soy milk; and from the traditional southern pattern, the key protective combination of
foods is rice, poultry and fish. Because these sets of foods groups are typically consumed
together in the population it could be possible to identify the subjects at higher risk of
following this pattern and intervene accordingly if further evidence warrants it.
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Tables

Table 4.1 Baseline Characteristics of Participants by Diabetes Status
Diabetes
(HbA1c ≥6.5%)
No
(n= 4,071)

Yes
(n=245)

Age (years), mean ± SD
Region, %
South
Central
North
Male, %

46.5 ± 10.5

51.7 ± 8.6

45.9
32.0
22.1
45.3

22.0
57.6
20.4
49.8

BMI (kg/m2), mean ± SD

23.2 ± 3.1

25.7 ± 3.8

20.5
20.5
59.0

25.3
25.3
49.4

33.33
33.6
33.06

37.55
30.2
32.24

33.8
33.7
32.6

26.1
34.7
39.2

3.0
58.0

3.3
58.2

2.0
30.9

1.6
37.7

32.7
33.4
34.0

40.8
32.7
26.5

Highest level of education attained, %
None
Primary school
≥Lower middle school
Income, %
Low
Medium
High
Urbancity, %
Low
Medium
High
Currently smoking, %
Female
Male
Alcohol intake ≥3 times/week, %
Female
Male
Physical Activity, %
Low
Medium
High
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Table 4.2. Factor loadingsa and explained variation of dietary patterns obtained from
Principal Component Analysis and Reduced Rank Regression.
Principal Component Analysis

Food groups
Rice
Wheat noodles
Wheat flour
Wheat buns, breads
Cakes, cookies and pastries
Deep-fried wheat
Corn and coarse grain
Fresh legumes
Fruits
High-fat pork
Organ meats
Poultry and game
Eggs and eggs products
Fish and seafood
Soy milk
Animal-based milk
Instant noodles and frozen dumplings

Reduced Rank
Regressionb

Modern
high-wheat

Traditional
southern

-0.25
─
─
0.33
0.28
0.38
─
─
0.32
─
─
─
0.25
─
0.34
0.26
0.23

0.34
─
-0.36
-0.26
─
─
-0.30
─
─
0.26
0.25
0.31
─
0.37
─
─
─

-0.22
0.30
─
0.46
─
0.22
─
-0.24
─
─
─
-0.37
-0.23
-0.29
0.24
─
─

8.47

7.64

4.42

0.96
0.08
0.26

2.95
0.09
0.18

1.40
0.41
0.62

Explained variation in food groups, %
Explained variation in responses,%
HbA1c
HOMA-IR
Fasting glucose
a

Factor loadings < |0.20| not shown. The following food groups had factor loadings <|0.20| in all patterns and
are not shown in the table: Starchy roots and tubers, Dried legumes, Legume products, Nuts and seeds,
Starchy roots products and tubers products, Fresh vegetables, non-leafy, Fresh vegetables, leafy, Pickled,
salted or canned vegetables, Dried vegetables, High-fat red meat, Low-fat pork, Processed meats.
b
Performed on residuals estimated for each food group with a multiple regression including geographical
region, urbanicity, income and education.
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Table 4.3 Percent change in HbA1c and HOMA-IR related to quartiles of dietary pattern score and linear dietary
pattern score increase (1 SD)
quartile 1

quartile 2

quartile 3

quartile 4

Dietary pattern score
(1 SD increase)

HbA1c, % change (95% Confidence Interval)a
PCA, Modern high-wheat
Unadjusted model
Adjusted model 1
Adjusted model 2
PCA, Traditional southern
Unadjusted model
Adjusted model 1
Adjusted model 2

0
0
0

2.00 (0.94, 3.05)
0.76 (-0.25, 1.77)
0.53 (-0.45, 1.52)

3.32 (2.26, 4.38)
1.50 (0.39, 2.61)
1.27 (0.19, 2.36)

4.29 (3.26, 5.32)
1.68 (0.51, 2.86)
1.43 (0.28, 2.57)

1.32 (0.97, 1.68)
0.32 (-0.09, 0.74)
0.30 (-0.10, 0.71)

0
0
0

-3.88 (-4.98, -2.78)
-1.56 (-2.67, -0.45)
-1.35 (-2.44, -0.26)

-5.96 (-6.99, -4.93)
-2.32 (-3.45, -1.19)
-1.96 (-3.07, -0.84)

-5.91 (-6.99, -4.82)
-2.21 (-3.40, -1.02)
-1.88 (-3.06, -0.71)

-2.20 (-2.60, -1.79)
-0.79 (-1.25, -0.33)
-0.72 (-1.18, -0.26)

0
0
0

1.74 (0.71, 2.77)
1.95 (1.02, 2.88)
1.75 (0.84, 2.66)

3.29 (2.30, 4.29)
3.22 (2.32, 4.13)
2.97 (2.09, 3.85)

4.04 (3.03, 5.05)
3.75 (2.84, 4.66)
3.44 (2.56, 4.31)

1.45 (1.09, 1.82)
1.45 (1.13, 1.77)
1.32 (1.01, 1.64)

RRRb
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Unadjusted model
Adjusted model 1
Adjusted model 2

HOMA-IR, % change (95% Confidence Interval)a
PCA, Modern high-wheat
Unadjusted model
Adjusted model 1
Adjusted model 2
PCA, Traditional southern
Unadjusted model
Adjusted model 1
Adjusted model 2

0
0
0

7.16 (0.66, 13.66)
1.79 (-4.55, 8.13)
-0.36 (-6.53, 5.80)

15.50 (8.94, 22.06)
5.80 (-0.75, 12.34)
3.66 (-2.65, 9.97)

18.69 (12.10, 25.29)
1.13 (-6.28, 8.53)
-1.28 (-8.40, 5.84)

6.05 (3.79, 8.32)
-1.06 (-3.75, 1.63)
-1.24 (-3.85, 1.37)

0
0
0

-5.16 (-11.39, 1.07)
-4.01 (-10.57, 2.55)
-1.99 (-8.20, 4.21)

-11.52 (-17.93, -5.11)
-12.64 (-19.99, -5.29)
-9.21 (-16.30, -2.12)

-5.35 (-11.35, 0.65)
-10.92 (-18.54, -3.30)
-7.87 (-15.25, -0.49)

-1.95 (-4.08, 0.17)
-4.18 (-6.95, -1.42)
-3.56 (-6.25, -0.87)

RRRb
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Unadjusted model
Adjusted model 1
Adjusted model 2
a

0
0
0

2.68 (-3.30, 8.65)
5.95 (0.16, 11.73)
4.04 (-1.54, 9.63)

10.93 (4.68, 17.18)
13.08 (7.08, 19.08)
10.65 (4.85, 16.45)

10.81 (4.36, 17.25)
9.67 (3.47, 15.87)
6.66 (0.63, 12.68)

4.85 (2.57, 7.14)
4.76 (2.58, 6.94)
3.56 (1.44, 5.68)

Regression performed with logarithms of HbA1c and HOMA-IR, therefore coefficients are interpreted as % change

b

Performed on residuals estimated for each food group with a multiple regression including geographical region, urbanicity, income and education.
Model 1: adjusted by gender, smoking, alcohol, education, region, age, income, urbancity index, physical activity; Model 2: adjusted by variables in
Model 1 plus BMI
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Table 4.4 Association between Diabetes (HbA1c ≥6.5%) and quartiles of dietary pattern score and linear dietary
pattern score increase (1 SD)
quartile 1

quartile 2

quartile 3

quartile 4

Dietary pattern
score
(1 SD increase)

Diabetes prevalence (%)
PCA, Modern high-wheat
PCA, Traditional southern
b

RRR

3.8

4.9

6.6

7.4

8.4

5.8

4.1

4.4

3.2

5.5

6.7

7.4

Odds Ratio (95% Confidence Interval)
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PCA, Modern high-wheat
Unadjusted model
Adjusted model 1
Adjusted model 2
PCA, Traditional southern
Unadjusted model
Adjusted model 1
Adjusted model 2
RRRb
Unadjusted model
Adjusted model 1
Adjusted model 2

1
1

1.31 (0.86, 1.98)
1.06 (0.67, 1.68)

1.79 (1.20, 2.65)
1.30 (0.82, 2.07)

2.03 (1.38, 2.98)
1.26 (0.76, 2.08)

1.20 (1.06, 1.35)
1.01 (0.86, 1.18)

1

1.00 (0.63, 1.59)

1.22 (0.77, 1.95)

1.13 (0.68, 1.86)

0.99 (0.84, 1.16)

1
1
1

0.67 (0.48, 0.94)
0.90 (0.62, 1.32)
0.93 (0.64, 1.35)

0.46 (0.32, 0.67)
0.74 (0.48, 1.15)
0.82 (0.52, 1.29)

0.50 (0.34, 0.71)
0.76 (0.49, 1.17)
0.86 (0.54, 1.35)

0.74 (0.65, 0.85)
0.88 (0.75, 1.05)
0.91 (0.76, 1.09)

1
1
1

1.78 (1.16, 2.73)
1.86 (1.20, 2.88)
1.74 (1.12, 2.71)

2.20 (1.45, 3.33)
2.21 (1.44, 3.39)
2.08 (1.35, 3.21)

2.46 (1.63, 3.71)
2.37 (1.56, 3.60)
2.15 (1.41, 3.29)

1.36 (1.19, 1.55)
1.35 (1.19, 1.53)
1.31 (1.15, 1.49)

b

Performed on residuals estimated for each food group with a multiple regression including geographical region, urbanicity, income and
education.
Model 1: adjusted by gender, smoking, alcohol, education, region, age, income, urbancity index, physical activity; Model 2: adjusted by
variables in Model 1 plus BMI
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Supplemental Table 4.1 Examples of food items for each food group included and not
included in dietary pattern analysis.
Examples of food items
Food groups included in dietary pattern analysis
Rice
Wheat noodles
Wheat flour
Wheat buns, breads
Cakes, cookies and pastries
Deep-fried wheat
Corn and coarse grain
Starchy roots and tubers
Fresh legumes
Dried legumes
Legume products
Nuts and seeds
Starchy roots products and
tubers products
Fresh vegetables, non-leafy
Fresh vegetables, leafy
Pickled, salted or canned
vegetables
Dried vegetables
Fruits
Low-fat red meat
High-fat red meat
Low-fat pork
High-fat pork
Organ meats
Poultry and game
Eggs and eggs products
Fish and seafood
Soy milk
Animal-based milk
Instant noodles and frozen
dumplings

White and brown rice
Wheat noodles
Wheat flour
Bun, butter bread, salty bread
Cookies, mooncake, fruit cake, chocolate cake, fruit pie
Deep-fried dough stick, deep-fried cake with red bean paste and
sugar, deep-fried sweet sesame seed ball
Corn, corn grits, corn flour, barley, oats, foxtail millet, sorghum
Potato, yam, taro, lotus root, water chestnut, cassava, sweet potato
Soybean sprouts, peas with pod, mung bean sprouts
Soybean flour, dried beans, beans flour, roasted broad bean
Tofu, tofu products, red/mung bean paste
Sesame, sunflower, watermelon seeds, lotus seeds, peanuts,
walnuts, almonds, hazelnuts, pine-nuts, pistachios, cashew nuts
Potato starch, lotus root starch, potato flour, corn starch, starch
Cauliflower, tomatoes, cucumber, zucchini, mushrooms
Spinach, ‘bok choy’, cabbage
Canned tomato sauce, preserved vegetables, vegetables in soy
sauce
Dried radish, dried bamboo shoot, dried lily
Fresh and canned (no added sugar) fruits
Low-fat beef, low-fat lamb, donkey, rabbit
High-fat beef, high-fat lamb
Pork tenderloin pork, pork tendons
Pork belly, leg, rib chop
Liver, kidney, large intestine, blood
Chicken, duck, goose
Whole eggs, yolk, white, preserved eggs
Fresh- and salt-water fish, dried fish, shellfish
Sweetened and un-sweetened soy milk
Cow milk, goat milk, skim milk, flavored milk
Instant noodles, frozen dumplings

Food groups not included in dietary pattern analysis*
Deep-fried rice and legumes

Deep-fried rice flour doughnut, deep-fried soybean, deep-fried
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broad bean
Dried fruit
Preserved fruit with added
sugar
Seaweed
Processed meats
Dairy products
Sweetened dairy products
Western-style fast-food
Salty snacks
Ready-to-eat cereals/porridge
Calorically-sweetened
beverages
Low-caloric beverages
Candy, sugar and other highsugar foods
Alcoholic beverages

Dates, dried longan, raisins
Dried and canned fruit with added sugar
Fresh or dried seaweed
Sausages, ham, luncheon meat, dried meat, smoked meat
Cheese, yogurt
Ice cream
Fried chicken, sandwich, hamburger, hotdog, pizza
Corn crisps, onion rings, potato chips,
Instant multigrain porridge, corn flakes, instant oatmeal
Fruit or flavored drinks, fruit juice, soft drinks
Tea, bottled water
Jelly, jam, chocolate, honey, sugar, candies
Liquors, wine, vodka, cocktails, whiskey, beer

*Not included because they had ≤5% of consumers, except for alcoholic beverages that was not included
because it was mostly consumed by males.
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Supplemental Table 4.2 Factor loadings and explained variation of dietary pattern
obtained from Reduced Rank Regression performed on the original intake variables
Factor loadingsa

Food groups

Rice
Wheat noodles
Wheat flour
Wheat buns, breads
Cakes, cookies and pastries
Deep-fried wheat
Corn and coarse grain
Fresh legumes
Fruits
High-fat pork
Organ meats
Poultry and game
Eggs and eggs products
Fish and seafood
Soy milk
Animal-based milk
Instant noodles and frozen dumplings

-0.43
─
0.43
0.46
─
0.29
0.35
─
─
─
─
─
─
─
0.21
─
─

Explained variation in food groups, %
Explained variation in responses,%
HbA1c
HOMA-IR
Fasting glucose

6.38
5.45
0.29
1.04

a

Factor loadings < |0.20| not shown. The following food groups had factor loadings <|0.20| in all patterns and
are not shown in the table: Starchy roots and tubers, Dried legumes, Legume products, Nuts and seeds,
Starchy roots products and tubers products, Fresh vegetables, non-leafy, Fresh vegetables, leafy, Pickled,
salted or canned vegetables, Dried vegetables, High-fat red meat, Low-fat pork, Processed meats.
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Supplemental Table 4. 3 Association between dietary pattern score from Reduced Rank Regression performed
on the original intake variables and HbA1c, HOMA-IR and Diabetes (HbA1c ≥6.5%).
quartile 1

quartile 2

quartile 3

quartile 4

continuous

HbA1c, % change (95% Confidence Interval)a
Unadjusted model
Adjusted model 1
Adjusted model 2

0
0
0

1.98 (0.99, 2.97)
1.50 (0.56, 2.44)
1.43 (0.51, 2.35)

4.35 (3.32, 5.38)
2.37 (1.38, 3.36)
2.28 (1.32, 3.25)

7.77 (6.72, 8.82)
3.52 (2.46, 4.59)
3.15 (2.11, 4.19)

3.01 (2.64, 3.39)
1.44 (1.06, 1.83)
1.30 (0.93, 1.68)

HOMA-IR, % change (95% Confidence Interval)a
Unadjusted model
Adjusted model 1
Adjusted model 2

0
0
0

3.57 (-2.74, 9.88) 8.83 (2.58, 15.07) 18.52 (12.11, 24.92)
3.10 (-3.05, 9.26) 5.30 (-1.18, 11.78) 11.96 (4.43, 19.50)
2.42 (-3.53, 8.36) 4.47 (-1.78, 10.73) 8.45 (1.18, 15.72)

7.47 (5.28, 9.66)
4.83 (2.20, 7.46)
3.49 (0.94, 6.04)

Diabetes prevalence (%)
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3.0

4.4

6.4

9.0

Odds Ratio (95% Confidence Interval)
Unadjusted model
Adjusted model 1
Adjusted model 2

1
1
1

1.49 (0.94, 2.35)
1.35 (0.83, 2.19)
1.35 (0.83, 2.20)

2.23 (1.46, 3.43)
1.60 (1.00, 2.55)
1.54 (0.96, 2.47)

a

3.24 (2.15, 4.87)
1.74 (1.09, 2.78)
1.54 (0.96, 2.48)

1.56 (1.38, 1.77)
1.25 (1.08, 1.44)
1.20 (1.03, 1.39)

Regression performed with logarithms of HbA1c and HOMA-IR, therefore coefficents are interpreted as % change
Model 1: adjusted by gender, smoking, alcohol, education, region, age, income, urbancity index, physical activity; Model 2: adjusted by
variables in Model 1 plus BMI
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Chapter 5. Dietary Pattern Trajectories during 15 years of Follow-up and HbA1c,
Insulin Resistance and Diabetes Prevalence among Chinese Adults.
Overview
We used an innovative technique to capture trajectories of a dietary pattern and
assessed their relationship to HbA1c, insulin resistance and diabetes prevalence. We included
4096 adults with 3 to 6 waves of diet data (1991 to 2006) and biomarkers measured in 2009
from the China Health and Nutrition Survey. Diet was assessed by a household food
inventory and three 24-h recalls. A dietary pattern in 2006 that positively predicted diabetes
biomarkers was derived with Reduced Rank Regression, which yielded a pattern high in
wheat products and soy-milk; and low in rice, legumes, poultry, eggs and fish. A score for
this pattern was estimated for each subject at each wave and with Latent Class Trajectory
Analysis subjects with similar diet pattern score trajectories over time were grouped in 5
classes. Three classes had parallel stable scores over time and two had a positive slope.
Among two classes with similar scores in 2006, the one with lower initial scores had
significantly lower HbA1c [-1.64 (-3.17, -0.11)], and non-significantly lower HOMA-IR [6.47 (-17.37, 4.42)] and odds of diabetes [0.86 (0.44, 1.67)]. The results suggest that the
different dietary trajectories that subjects followed are associated with HbA1c, even when
their trajectories have the same end point.
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Introduction
China is experiencing a rapid increase in diabetes, and for a country of over 1.3
billion people, the disease affects a significant number of persons. By 2007-2008, it was
estimated that 92 million Chinese adults were diabetic.107,108 In addition, compared to
Western populations, Asians have higher total body fat, visceral fat and insulin resistance at
lower BMIs.6,7 Therefore, research focusing on a more comprehensive understanding on how
modifiable risk factors, such as diet, affect diabetes is needed in this country.
Studying diet-disease associations with dietary patterns, instead of single nutrients or
food groups, is appealing because the effect of a single nutrient/food may be too small to
detect. In addition, because individuals consume a wide variety of foods rather than single
nutrients or foods, dietary patterns resemble more closely the actual eating behavior.12-14,109111

However, most of the studies associating dietary patterns with health outcomes include

diet from only point in time12; hence they are not able to capture how individuals change or
maintain their dietary pattern over time and how this affects their health risks.
Only few studies have assessed the health effects of inter-individual changes over
time in dietary patterns. One study evaluated the effect of transitioning between different
clusters of dietary patterns.112 Others assessed the effect of each individual slope and
intercept or the difference between two time points in their dietary patterns’ scores.20,30,113 In
the present study, we explored the application of latent class trajectory analysis (LCTA). This
method simultaneously fits trajectory curves for every person, and identifies subgroups of
subjects that share similar trajectories.35 This technique has been used previously to
characterize trajectories of BMI37,114 or other social characteristics such as alcoholism,38
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depression,39 delinquency,40 etc, but to the best of our knowledge it has not been used for
dietary patterns before.
We used 6 repeated measures of diet over 15 years of follow-up (1991 to 2006) to
identify groups of individuals with similar trajectories of their dietary pattern’s score over
time, and then we estimated the association of each trajectory class with HbA1c, insulin
resistance (HOMA-IR) and diabetes prevalence in 2009. To be able to evaluate whether the
long-term trajectories of a dietary pattern were associated with our outcomes, we needed in
the first place a dietary pattern with established association to diabetes in this population.
Therefore we used a dietary pattern previously derived from Reduced Rank Regression
(RRR) using as response variables HbA1c, HOMA-IR and glucose from 2009 and dietary
intake in 2006 (Batis et al, unpublished data, 2013). Because RRR identifies linear
combinations of foods that explain the variation in the response variables, as expected this
dietary pattern in 2006 was associated with HbA1c, insulin resistance (HOMA-IR) and
diabetes prevalence. Our motivation was that individuals may have a similar dietary pattern
scores at one point in time (i.e. 2006), but some of them could have recently adopted this
pattern and some could have followed the same pattern for years. It is important to
understand if the associated health risks for these two types of trajectories are different.
Methods
Study design and participants
The China Health and Nutrition Survey (CHNS) is an ongoing longitudinal study. A
multistage, random cluster process was used to draw the sample in 9 provinces. Survey
protocols, instruments, and the process for obtaining informed consent were approved by the
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institutional review committees of the University of North Carolina at Chapel Hill (UNCCH) and the Chinese Institute of Nutrition and Food Safety (INFS), China Center for Disease
Control and Prevention. Additional details about the CHNS data are provided elsewhere.49
Surveys were conducted in 1991, 1993, 1997, 2000, 2004, 2006 and 2009. All waves
had identical clinical, dietary and anthropometric data from each household member. Blood
samples were collected for the first time in 2009, hence our main exposure, dietary intake,
and covariates were measured from 1991 to 2006 and our outcomes the biomarkers of
glucose homeostasis were measured in 2009. We included all subjects that had at least 3
waves of dietary data from 1991 to 2006; had complete biomarkers in 2009 and were fasting
before blood collection; were 18-65 years old in all of the waves they were included from
1991 to 2006, were not previously diagnosed with diabetes, and were not pregnant in 2009.
From the 4,096 subjects in our final sample, 40% had all the 6 waves of diet complete and
17% had only three waves complete. We did not include those that reported being previously
diagnosed with diabetes in 2009 or before.
Dietary assessment and food grouping
A combination of three consecutive 24-hour recalls at the individual level and a food
inventory at the household level were performed over the same three day period, which was
randomly allocated to start from Monday to Sunday. For the food inventory, all available
foods in the household were measured on daily basis, and wastage was considered to
estimate the total consumption. For the 24-hour recall, trained interviewers recorded the
types, amounts, type of meal and place of consumption of all food items consumed. For

71

dishes prepared at home the amount for each person was estimated based on what they report
and the household food inventory.
The food groups included in our analysis were based on a food grouping system
developed specifically for the CHNS by researchers from UNC-CH and INFS,10 this system
separates foods into nutritional and behavioral meaningful food groups. Alcoholic beverages
were not included in the dietary pattern, because it was mostly consumed by males, with very
low consumption for females. Nonetheless we included alcohol intake, reported from a
frequency questionnaire as a covariate in our models.
Biomarkers
Blood samples were collected by venipuncture after an overnight fast. Glucose was
measured on the serum with a glucose oxidase phenol 4-amnioantipyrine peroxidase kit
(Randox, UK) in a Hitachi 7600 analyzer. HbA1c was measured on the whole blood by highperformance liquid chromatography with an automated glycohemoglobin analyzer (model
HLC-723 G7; Tosoh, Tokyo, Japan). And insulin was measured on the serum by
radioimmunology in a Gamma counter XH-6020 analyzer. The homeostasis model of insulin
resistance was estimated [HOMA-IR=(fasting insulin (μU/ml)* fasting glucose (mmol/l))/
22.5].76 We present results for HbA1c and not for glucose, and define diabetes based on
HbA1c ≥6.5%.77 HbA1c is more suitable than a single measure of glucose because it captures
long-term glycemic exposure. In addition HbA1c correlates well with the risk of long-term
diabetes complications and it has been shown to be a reliable method for diabetes diagnosis
in Chinese population.79-81

72

Covariates
Demographic and lifestyle covariates included in the analysis were gender, age,
geographical region (North, Central or South), education level, smoking status and alcohol
intake. For physical activity detailed time spent and intensity levels were collected for
occupational and domestic activities, and Metabolic Equivalents per week were estimated.82
Income was assessed at the household level with a detailed questionnaire that included
average salary for the last year. Level of urbanization was determined by an urbanicity index
that was developed for the CHNS, it includes components such as population density,
economic activity, transportation infrastructure, sanitation, housing types, etc.68 BMI was
estimated from measured weight and height.
Because many of these covariates are time dependent, we used a measure that
represented the entire exposure period (1991-2006). For income, physical activity, urbancity
index and BMI a mean of all the repeated measures was calculated. For smoking and alcohol
intake we estimated the proportion of the participating waves in which they reported being
currently smoking or consuming three or more alcoholic beverages per week. Education was
defined as the highest level of education attained during each subject’s follow-up period. Age
in 2006 (equivalent to using birth year), gender and region were not time-dependent
covariates.
Statistical analysis
Dietary pattern
In a previous study we compared in 2006 dietary patterns derived from Principal
Component Analysis and RRR (HbA1c, HOMA-IR and glucose in 2009 as response
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variables). As expected the RRR pattern had a stronger association with HbA1c, insulin
resistance and diabetes prevalence, and this pattern also seemed to be behaviorally
meaningful as it shared many characteristics with the Principal Component patterns. Details
of development of this dietary pattern are presented elsewhere (Batis et al, unpublished data,
2013). Briefly, 29 food groups were included in the analysis. Because of the large proportion
of non-consumers, intake was categorized as binary: non-consumers vs. consumers for food
groups with <80% of consumers and below vs. above the median otherwise (rice, fresh nonleafy vegetables and fresh leafy vegetables). With the residuals method we adjusted the food
groups by geographical region, urbancity index, education and income (residuals were
estimated from a regression with the food group as the dependent variable and the
demographic variables as the independent ones). RRR was performed on the residuals with
PROC PLS and RRR option (SAS 9.3, SAS Institute Inc., Cary, NC) with log-transformed
HbA1c, HOMA-IR and fasting glucose as response variables. As customary when using
RRR diet patterns, we retained only the first pattern, which explained the most of the
variation in the response variables.
Dietary pattern score from 1991 to 2006
To assess how much each subject adhered to the dietary pattern, we computed a
dietary pattern score for each subject at each wave: the higher the score, the more closely the
participant’s diet conforms to the dietary pattern. The loadings of all food groups on the
pattern previously found in 2006 were used to calculate the pattern scores in all other waves
(1991-2004). We used the same loadings in all waves, so that changes on a score that
represents the same dietary pattern across time could be assessed. To simplify the
computation of the score and make it more interpretable over time, we did a weighted sum
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(using the loadings as weights) of the original binary food groups (instead of the residuals)
[i.e. Score= rice(0,1)*-0.21 + wheat noodles (0,1)*0.24 + wheat flour(0,1)*0.13 + wheat buns
and breads(0,1)*0.36 ….].
Latent class trajectory analysis (LCTA)
Once every individual had a dietary pattern score in each wave, we used LCTA
performed in Mplus 6.1 (Muthén & Muthén, Los Angeles, California). This method identifies
subgroups of people with similar trajectories on their dietary pattern’s scores over time.
Contrary to conventional growth model approaches, in which the trajectory of all individuals
is described using a single estimate of growth parameters and the heterogeneity is captured
only by variations in the slope and intercepts (random effects), LCTA allow each class to
have different parameters to represent their trajectory.35,36 It should be noted that, the related
but more complex, growth mixture model can also estimate random effects within each class.
However because this model can have more convergence problems and we were not
interested in the variability within each class we used LCTA, in which no variation across
individuals is allowed within classes.35
For the model fitting, the analyst specifies the number of classes desired and the
functional form of the growth trajectories. We found that the observed mean trajectories were
fairly linear, even when using an unspecified shape (factor loadings that describe the
functional form of the trajectories are freely estimated). In addition, the way subjects were
classified into classes was not different when specifying a linear versus an unspecified shape;
therefore we chose the more parsimonious linear shape. Suggested criteria to decide the
number of classes, include interpretability, better model fit (lower BIC); models that do not
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have classes with a low proportion of participants; and higher entropy (close to 1) which is a
measure of classification accuracy based on the posterior probabilities once individuals have
been assigned to their most likely class. We compared 1 to 7 classes and decided to retain 5
classes; the fit of the model was better between 5 and 6 classes, but the 6-class model had a
class with only 1.5% of the sample. In addition, models with 2 to 4 classes yielded parallel
trajectories, which are less interesting to compare than trajectories that intersect each other,
because this means classes share a similar diet at that point. Entropy was very low in all
models, it ranged from 0.72 (2 classes) to 0.57 (5 classes) (Supplemental Table 5.1).
For estimating each model, we specified 100 initial stage random starts, 10 final stage
optimizations and 10 initial stage iterations. We re-run the 5 class model with the second best
seed value to confirm that the estimates were replicated and the solution was not local.35
Association between trajectories and outcomes
To assess the relationship between the dietary patterns trajectories and the outcomes,
we run multiple linear (for HbA1c and HOMA-IR) and logistic (for diabetes) regressions
with class trajectory membership as an indicator variable. Because HbA1c and HOMA-IR
were natural log-transformed, the regression coefficients were multiplied by 100 and
interpreted as the percent change in the outcome for being in a given class compared to the
reference class. First we adjusted by gender, smoking, alcohol, education, geographical
region, age, income, urbaniciy index and physical activity. In a second model we additionally
adjusted by BMI. For all time-dependent covariates we used a measured that represented the
entire follow-up period as previously explained. The clustering at the household level was
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accounted for in the estimation of the variance. Except for the RRR and LCTA, all other
analyses were conducted in Stata 12.1 (StataCorp, College Station, TX).
Results
The dietary pattern identified in 2006 from RRR with HbA1c, HOMA-IR and fasting
glucose as response variables was positively associated with the intake of wheat noodles,
wheat buns/breads, deep-fried wheat and soy milk; and was negatively associated with rice,
fresh legumes, poultry/game, eggs and fish/seafood (Supplemental Table 5.2). The
association of this pattern with HbA1c, HOMA-IR and diabetes prevalence was positive; in
2006, comparing to the lowest dietary pattern score quartile, the percent change in HbA1c for
quartiles 2 to 4 was 2.07 (0.97, 3.16), 2.58 (1.61, 3.55) and 3.92 (2.87, 4.97) respectively. For
HOMA-IR it was 2.42 (-4.14, 8.97), 5.04 (-1.95, 12.03) and 9.05 (1.79, 16.32); and the Odds
Ratio for Diabetes comparing to the lowest dietary pattern score quartile were 1.75 (1.04,
2.92), 2.11 (1.28, 3.48) and 2.02 (1.23, 3.32).
We also confirmed that in this sample, most of the pattern’s key food groups had an
independent association with HbA1c consistent with the direction of their factor loading. The
proportion of waves from 1991-2006 in which the food group was consumed was positively
associated with HbA1c in 2009 for wheat noodles, buns/breads (p<0.05) and deep-fried
wheat (p>0.05); and negatively associated for rice, poultry/game (p<0.05), fresh legumes,
eggs, fish/seafood and soy milk (p>0.05). Therefore, only soy milk, which is frequently
consumed with deep-fried wheat, was inconsistent, it had a positive loading in the dietary
pattern but its independent association with HbA1c tended to be negative (Supplemental
Table 5.3).Therefore, the score for this dietary pattern could be interpreted as a weighted sum
of healthy and unhealthy food groups, with unhealthy foods having a positive weight (their
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intake increases the score) and healthy foods having a negative weight (their intake decreases
the score). Subjects with total negative scores consumed more of the healthy foods relative to
their intake of unhealthy ones, subjects with positive scores, consumed more of the unhealthy
foods relative to their intake of healthy foods, and subjects with scores near zero had an
intake of unhealthy foods comparable to that of healthy ones.
Using LCTA we identified 5 classes of subjects with similar trajectories of their
dietary pattern score from 1991 to 2006. The score over time of each class is shown in Figure
5.1, classes 1 and 2 had an increase in the score over time, whereas classes 3, 4, 5 were
parallel to each other and had a relatively stable score over time. To better understand what
these trends in dietary pattern score represented in terms of intake at the food group level, in
Table 5.1 we present the proportion of consumers and mean number of food groups
consumed over time. In all trajectory classes the diversity of diet increased, as the number of
food groups consumed increased from 1991 to 2006. In class 1, which had a slight increase in
the dietary pattern score from 1991 to 2006, the proportion of consumers increased
importantly for all the relevant unhealthy foods (those with positive loadings, such as wheat
noodles, wheat buns/breads, deep-fried wheat and soy milk), whereas the intake of healthy
foods increased only for fresh legumes and eggs but remained relatively stable for rice,
poultry/game, fish/seafood. Class 2 had the most dramatic increase in the score. The subjects
in this class decreased the intake of most healthy foods and increased the intake of all
unhealthy foods over time. For example, the proportion consuming one unhealthy food -wheat buns and breads -- increased from ≤3 % to nearly 70% in both classes 1 and 2.
However, the proportion consuming one healthy food – legumes – declined only in class 2.
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The majority of subjects were in classes with relatively constant scores over time,
with 47% of the sample in class 4 and 30% in classes 3 and 5. In all of these classes, the
intake of rice decreased from 1991 to 2006 whereas for all other relevant food groups the
proportion of consumers increased. Because the increases in both healthy and unhealthy
foods were similar, the balance between the intake of healthy and unhealthy, and hence the
dietary pattern scores for these groups remained stable over time. In addition class 3, for
which the dietary pattern scores were consistently higher than classes 4 and 5, had a
consistently higher proportion of intakes of unhealthy foods (wheat noodle and wheat
buns/breads), and a lower proportion of intakes of healthier foods (e.g. rice, poultry/game,
fish/seafood).
When comparing the class with the lowest (class 5) and highest score (class 1), those
with lower scores tended to have higher education, income, urbanicity index, alcohol intake,
proportion of males and lower physical activity and smoking (Table 5.2). Although what we
present for income and urbanicity level represent the mean from 1991-2006, both variables
had increased over this period in all classes. Nonetheless, in 1991 subjects in class 2 had a
similar urbanicity index to class 4 however the increase over time for both variables was less
pronounced in class 2. In terms of education, class 2 had the highest education level since
1991 (data not shown). There was a strong regional difference among the classes, 80% of
class1 lived in the Central region, probably related to their lower consumption of rice and the
higher consumption of buns/breads, whereas only 1.5% of class 5 lived in the North.
The adjusted mean HbA1c for each class is shown in Figure 5.1, and the unadjusted
and adjusted percent difference between each pair of classes is shown in Table 5.3. As
expected, the higher the overall 1991-2006 dietary pattern score, the higher the HbA1c in
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2009. Interestingly, class 1 and class 2 had a similar score in 2006 but for class 2, which had
a lower mean score over time, the HbA1c was 1.64 (0.11, 3.17) percent lower. Similarly in
1991, class 2 and class 4 had a similar score, but HbA1c tended to be slightly higher for class
2 [1.02 (-0.30, 2.35)]. The smallest HbA1c difference [0.62 (-0.72, 1.96)] was seen among
the classes that had the most similar mean score over time (class 2 and 3), even if one had a
positive slope and the other had a flat one. Results for HOMA-IR and the odds of being
newly diagnosed were comparable to those for HbA1c, although estimates were less
significant. Adjusting by BMI brought all the estimates closer to the null.
Discussion
To the best of our knowledge this is the first time LCTA is used to study the health
effect of different trajectories of a dietary pattern. We found that among two classes that had
trajectories with similar scores in 2006, the one that previously had lower scores, and hence a
healthier diet, had a lower HbA1c in 2009. This suggests that even if the diet scores were
similar recently, the different dietary trajectories that subjects followed to get to that point
might also affect HbA1c levels. In addition, when comparing two classes that cumulatively
had a similar mean dietary pattern score over time, there was no difference in HbA1c, even if
one class had a stable score and the other had an increase over time. This suggests that when
the dietary pattern score is similar cumulatively, there might not a difference between
keeping a constant dietary pattern score throughout the follow-up period versus having
changes (i.e. increasing score).
Only few studies have looked at the association between dietary patterns and health
outcomes with repeated measures of dietary intake. The types of methods available for
analyzing repeated measures vary considerably in their approach and aims, and therefore
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more research is needed to understand which one is the most meaningful way to represent the
long-term exposure to a dietary pattern. Several studies used longitudinal mixed models to
incorporate several repeated measures of a dietary pattern; the goal was to obtain an average
dietary pattern-health outcome association adjusted by the inter-individual correlation of
repeated measures.31,115 In another study, instead of obtaining an average effect from the
repeated measures of a dietary pattern, the independent effect of the dietary pattern measured
at each point on the outcome was assessed; this approach was used to evaluate how long the
effect of a dietary pattern could persist and affect the outcome.116 As can be seen none of the
previous analysis evaluated the inter-individuals changes or cumulative exposure to dietary
patterns. Among other approaches, one study evaluated, with obesity as the outcome, the
sequence of transition between different clusters of dietary patterns in three time points (i.e.
staying in the same dietary pattern, change to a healthier or unhealthier one, etc.).112 Others
looked at the change in dietary patterns’ scores between two time points and its association
with weight, BMI change and obesity.20,30 Another study estimated for each individual their
intercept and slope over three repeated dietary patterns scores and used the dietary pattern’s
intercept and slope as predictors of intelligence quotient during childhood and
adolescence.113 The limitation of the last two approaches is that they can only evaluate one at
a time the effect of either the dietary score at baseline or the change (slope) during follow-up,
when the effect of one might be related to level of the other.
In our analysis we applied LCTA, for dietary exposures, only a similar method,
growth mixture model, has been previously used to identify trajectories of sodium adherence
over a 6-month period in 279 adults with heart failure.117 The advantage of this approach is
that a single variable (trajectory class membership) encompasses both the starting point
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(intercept) and the change (slope) in dietary pattern score during follow-up. Furthermore, by
encompassing the change (slope) and the level at any given time (i.e. intercept, midpoint or
last point) it implicitly summarizes also the mean score of the follow-up. Therefore the
trajectory class gives a comprehensive representation of the long-term exposure to a dietary
pattern score. It is straightforward to examine the trajectories relation to the predictors and
outcomes, as there is no need to separately examine the association with the intercept and
slope for example. In the same lines, LCTA was useful for describing the individual trends
over time in this dietary pattern. When the interest is not only on the mean trajectory of the
sample but on the individual’s heterogeneity in the trajectories, it is easier to get a picture of
the trajectories distribution with the data-driven LCTA than by looking simultaneously at the
descriptive statistics of both the intercept and the slope. In our sample we found the majority
kept a moderate constant score over time, and that the individual variation was mainly in the
intercept.
A disadvantage that comes with a data-driven method like LCTA is that the model
might not identify trajectories that enable meaningful comparisons. As previously explained
the trajectory classes summarize the intercept, slope, mean score of the follow-up and last
score. Each of these aspects might have a different and independent effect on a health
outcome but it is not possible to tease them apart. Therefore, when interpreting the
differences between the trajectory classes it is unknown how each characteristic of the
trajectory is contributing to the effect observed. It is possible to exclude the effect of one of
these characteristics at a time (i.e. comparing trajectory classes with similar end point or
similar mean scores); however the comparison options available depend on the identified
trajectories. It is of particular interest to understand if the slope has an effect by itself,
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because otherwise just evaluating the score at each time independently or the mean score
would be equally informative. One might hypothesize that even with a same mean; there are
different effects for having a constant score, versus increasing or decreasing it over time. By
comparing class 2 and 3, our results suggest that the slope was not associated among subjects
with similar mean scores. But it should be noted that even in the case that the slope was
found to be relevant, it still would not be possible to understand if this was due to slope or to
the score at the intercept or last point.
Other limitations we found when applying LCTA on dietary data was that the entropy
of our model was very low (0.57). This means that the uncertainty in trajectory membership
was high, which is likely when using dietary data, due to its high random variability. For
example the entropy found in the study of sodium adherence was 0.75 for a 2-class model,117
which is comparable to what we found in our 2-class model (entropy= 0.72). In contrast,
studies on trajectories of BMI have found entropies of 0.80-0.85 for a 5-class models.118,119
Other disadvantage is that sample size can be small for some classes.
In terms of how meaningful were the differences in HbA1c between the trajectory
classes, we found that although they might seem small (i.e. HbA1c for class 1 and 2 was 5.65
and 5.55 respectively), for HbA1c this is typical of what other studies have found. For
instance, in one study those who had fruit and green leafy vegetables seldom or never had a
HbA1c of 5.43 versus 5.34 for those with a more frequent consumption.120 Also, for alcohol
abstainers the HbA1c was 5.8 compared to 5.6 for those consuming 0.1-1.9 drinks/day.121
And the range in HbA1c for quintiles of total fat or polyunsaturated/saturated fat ratio was
around 5.2 to 5.4.122 Although our results were significant and meaningful for HbA1c, this
was not the case for HOMA-IR and diabetes prevalence. It is possible that dietary intake is
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less associated and explains less of the variation in HOMA-IR compared to HbA1c, and this
could be partially due to the fact that HOMA-IR includes glucose information which is a
shorter term measure of glucose control. Diabetes prevalence was defined using HbA1c, and
accordingly the results for diabetes were in the same direction as for HbA1c; however they
were not significant in general. It is possible that more power was needed, particularly
because only 5.6% of the sample had diabetes and the analysis required information for many
stratums of the sample.
We found that adjusting by BMI brought our estimates only slightly closer to the null,
which suggests that the trajectories of our dietary pattern score were directly associated with
HbA1c, independently of the increased energy intake and increased BMI, which may be on
the causal pathway. Proposed mechanisms by which diet relates to diabetes independent of
increased energy include modulation of oxidative stress and inflammation, which in turn
affect insulin sensitivity and β-cells function.70,123 Our dietary pattern score represented high
intake of foods such as wheat noodles, breads and buns and low intake of fish and legumes. It
has been suggested that high glycemic index foods by promoting hyperglycemia are proinflammatory and increase oxidative stress,123 whereas n-3 polyunsaturated fatty acids are
anti-inflammatory and might improve the physical properties of cellular membranes and the
binding affinity of insulin receptors;71 legumes, in turn, are source of antioxidants like
phenolic acids and fiber, which also has anti-inflammatory properties.90,123
Even when a dietary pattern, compared to single nutrients or food groups, can
approximate more the complexity of dietary intake, it is still a very limited and nonexhaustive representation of diet. Our dietary pattern score was a weighted sum of the intake
of healthy (negative weights) and unhealthy foods (positive weights). Despite the marked
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increased in diet diversity in the entire sample, many trajectories had a stable score over time,
which means that the score did not capture diet diversity but rather reflects the overall
balance between the intake of healthy and unhealthy foods related to the outcomes of
interest. It is biologically plausible that this balance represented by the score has an effect on
HbA1c regardless of diet diversity; however whether diet diversity has an additional effect
should be explored by future research. Moreover, our analysis and dataset might not be able
to capture some key dietary changes. For instance, the information we used for food intake
was only about whether the food was consume or not, and we missed the amount consumed
for most of the food groups. Also because in 3-day average many key food groups such
western-style fast food, salty snacks or calorically-sweetened beverages, were scarcely
consumed they were not included in the analysis. In addition, as in most countries, the
Chinese food composition table and hence our dietary assessment focuses on the
measurement of foods as purchased at the ingredient level, and not as consumed at the dish
level, so changes in food and dishes preparation were not captured. Despite the limitations in
the dietary assessment the methodology of detailed collection during a 3-day period has
remained unchanged in all the surveys; this is a key strength that enables us to assess the
longitudinal effects of dietary intake. We were able to use an innovative method such as
LCTA to evaluate trajectories of dietary patterns, over a 15-year period follow-up, for the
first time.
Another limitation is that not all subjects had complete follow-up, fortunately LCTA
can use all of the information available without the need of imputing values or deleting cases
with incomplete data. Even individuals with only one wave of data can be classified in one
trajectory class, although one point in time does not seem informative enough. As a way to
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balance both internal and external validity we included individuals with at least 3 waves of
data complete. Finally, compared to the thorough and complex longitudinal modeling of our
main exposure with LCTA, the modeling of time-varying confounders was simplified.
Deriving and adjusting by trajectories of each confounder might not only be challenging, but
it might also raise non-convergence or non-positivity issues. Still we cannot disregard the
potential of residual confounding of our approach.
In sum, the long-term exposure to a dietary pattern seems to be relevant HbA1c at a
given point in time. More research using longitudinal methods is needed to confirm and add
evidence or insights about the nature of these long-term relations. Findings like this can have
important intervention and clinical implications. Subjects can be counseled to make intensive
diet and lifestyle changes; given the case that their previous diet has already increased their
risk of disease. Or better informed interventions to promote an early start and maintenance of
healthy eating patterns throughout adulthood life could be implemented.

86

Tables and Figures

Table 5.1 Number of food groups and proportion of consumers for food groups associated with dietary pattern
(Factor loadings > |0.20|) by wave and trajectory class.
Class 1

Class 2

Class 3

Class 4

Class 5

1991 2000 2006 1991 2000 2006 1991 2000 2006 1991 2000 2006 1991 2000 2006
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Number of food groups
Proportion of consumers
Food groups with positive
factor loadings (≥0.20)
Wheat noodles
Wheat buns, breads
Deep-fried wheat
Soy milk
Food groups with negative
factor loadings (≤ -0.20)
Rice*
Fresh legumes
Poultry and game
Eggs and eggs products
Fish and seafood

5.9

7.7

8.7

7.2

8.1

9.4

6.8

7.9

8.8

7.4

8.3

9.1

8.3

9.7

10.5

0.12
0.03
0.06
0.01

0.43
0.39
0.19
0.08

0.63
0.69
0.27
0.15

0.15
0.00
0.05
0.00

0.47
0.21
0.11
0.04

0.71
0.68
0.30
0.21

0.39
0.03
0.06
0.01

0.53
0.14
0.06
0.03

0.57
0.35
0.11
0.08

0.21
0.01
0.04
0.00

0.37
0.06
0.03
0.02

0.48
0.17
0.08
0.06

0.06
0.00
0.04
0.00

0.23
0.01
0.03
0.01

0.30
0.05
0.11
0.06

0.08
0.23
0.02
0.19
0.08

0.13
0.36
0.05
0.46
0.11

0.10
0.45
0.03
0.56
0.10

0.78
0.65
0.12
0.45
0.36

0.60
0.47
0.13
0.51
0.26

0.40
0.45
0.04
0.56
0.15

0.64
0.27
0.01
0.17
0.12

0.56
0.50
0.07
0.41
0.17

0.52
0.60
0.07
0.54
0.22

0.92
0.38
0.13
0.36
0.44

0.77
0.49
0.22
0.53
0.50

0.67
0.57
0.25
0.60
0.53

0.95
0.60
0.35
0.64
0.66

0.78
0.71
0.49
0.66
0.79

0.61
0.68
0.50
0.78
0.86

*Proportion below and above the median
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Table 5.2 Means or percent for demographic characteristics by dietary pattern
trajectory class

N (%)
Mean dietary pattern score
Age in 2006 (years), mean ±
SD
Region, %
South
Central
North
Male sex %
BMI (kg/m2)a, mean ± SD
Highest level of education
attainedb, %
None
Primary school
≥Lower middle school
Incomec, %
Low
Medium
High
Urbancityc, %
Low
Medium
High
Not currently smoking
in all participating waves, %
Female
Male
Alcohol intake <3 times/week
in all participating waves, %
Female
Male
Physical Activityc, %
Low
Medium
High
a
c

Class 1

Class 2

Class 3

Class 4

Class 5

745 (18.2)

245 (6.0)

994 (24.3)

1,911 (46.7)

0.36 ± 0.14 0.00 ± 0.12 0.03 ± 0.09

-0.34 ± 0.14

201 (4.9)
-0.73 ±
0.11

48.9 ± 9.5

47.9 ± 8.9

48.8 ± 9.5

47.9 ± 9.4

50.2 ± 9.7

5.2
80.0
14.8
45.8
23.4 ± 2.8

42.5
26.9
30.6
46.9
23.1 ± 3.0

43.4
26.7
30.0
46.1
22.8 ± 2.8

64.6
18.0
17.4
47.9
22.5 ± 2.8

41.3
57.2
1.5
49.3
22.3 ± 2.4

21.1
28.2
50.7

13.9
20.0
66.1

17.7
29.1
53.2

12.2
25.9
61.9

11.9
25.9
62.2

46.4
29.1
24.4

24.1
38.4
37.6

35.8
36.2
28.0

27.5
35.0
37.6

10.5
21.4
68.2

47.8
27.9
24.3

33.5
33.5
33.1

37.3
37.0
25.7

27.5
34.3
38.3

6.5
39.3
54.2

92.8
16.1

93.9
22.6

89.9
17.7

94.9
18.8

100.0
18.2

93.6
42.5

90.8
35.7

92.0
37.3

93.2
43.3

92.2
32.3

30.1
39.3
30.6

39.2
33.9
26.9

27.9
33.5
38.6

34.5
33.5
32.0

43.8
31.3
24.9

Mean of participating waves from 1991-2006; bHighest level attained in participating waves until 2006;
Tertiles of the mean of participating waves between 1991-2006
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Table 5.3 Association between dietary pattern trajectory classes from 1991-2006 and HbA1c, HOMA-IR and newly
diagnosed diabetes prevalence in 2009

Unadjusted
Adjusted model 1
(changing reference
class)
Reference class:1
Reference class:2
Reference class:3
Reference class:4
Reference class:5
Adjusted model 2
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Unadjusted
Adjusted model 1
Adjusted model 2

Unadjusted
Adjusted model 1
Adjusted model 2

Class 1

Class 2

0

-5.34 (-6.81, -3.86)

0
1.64 (0.11, 3.17)
1.02 (-0.14, 2.18)
2.66 (1.46, 3.86)
5.24 (3.55, 6.93)
0

-1.64 (-3.17, -0.11)
0
-0.62 (-1.96, 0.72)
1.02 (-0.30, 2.35)
3.60 (1.76, 5.44)
-1.64 (-3.13, -0.15)

Class 3

Class 4

HbA1c, % change (95% CI)
-4.51 (-5.62, -3.41)
-7.41 (-8.47, -6.36)

-1.02 (-2.18, 0.14)
0.62 (-0.72, 1.96)
0
1.64 (0.74, 2.54)
4.22 (2.65, 5.80)
-0.83 (-1.95, 0.30)

-2.66 (-3.86, -1.46)
-1.02 (-2.35, 0.30)
-1.64 (-2.54, -0.74)
0
2.58 (1.07, 4.09)
-2.37 (-3.53, -1.21)

Class 5

-6.85 (-8.58, -5.11)

-5.24 (-6.93, -3.55)
-3.60 (-5.44, -1.76)
-4.22 (-5.80, -2.65)
-2.58 (-4.09, -1.07)
0
-4.32 (-6.00, -2.65)

0
0
0

HOMA-IR, %change (95% CI)
-11.77 (-22.45, -1.10) -13.85 (-20.94, -6.76) -16.47 (-22.72, -10.21)
-6.47 (-17.37, 4.42)
-6.07 (-13.73, 1.58)
-9.74 (-17.31, -2.18)
-6.46 (-16.55, 3.62)
-4.45 (-11.64, 2.74)
-7.29 (-14.50, -0.09)

-5.22 (-15.66, 5.23)
-9.96 (-20.72, 0.79)
-2.23 (-12.64, 8.17)

0
0
0

Diabetes, Odds Ratio (95% CI)
0.51 (0.28, 0.95)
0.61 (0.42, 0.88)
0.46 (0.33, 0.65)
0.86 (0.44, 1.67)
0.99 (0.67, 1.47)
0.96 (0.65, 1.42)
0.80 (0.40, 1.61)
1.03 (0.69, 1.54)
1.01 (0.68, 1.50)

0.36 (0.16, 0.79)
0.46 (0.20, 1.06)
0.60 (0.26, 1.40)

Adjusted model 1: age in 2006, gender, geographical region, mean income, mean urbanicity index, mean physical activity, proportion of
waves smoking, proportion of waves with alcohol intake ≥3 times/week; Adjusted model 2: model 1 plus mean BMI; HbA1c and
HOMA-IR were logarithmically transformed.
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Supplemental Table 5.1 Model fit and trajectory classes characteristics

23606.67

Sample-Size
Adjusted
BIC
23581.25

19938.5

19903.55

BIC

19545.42

19483.25

19444.58

19449.75

19457.84

19500.93

19429.24

19381.03

19376.67

19375.23

1

Proportion
in each
class
1

1

0.41

0.059

0.014

0.90

2

0.59

-0.347

0.001

0.93

1

0.46

-0.176

0.006

0.77

2

0.24

0.13

0.018

0.86

3

0.30

-0.432

-0.003

0.82

1

0.17

0.154

0.02

0.82

2

0.46

-0.336

0.001

0.79

3

0.33

-0.078

0.009

0.71

4

0.04

-0.582

-0.006

0.75

1

0.18

0.151

0.021

0.78

2

0.06

-0.341

0.036

0.56

3

0.24

0.026

-0.002

0.60

4

0.47

-0.323

-0.001

0.76

5

0.05

-0.592

-0.004

0.74

1

0.04

-0.356

0.041

0.57

2

0.01

-0.037

-0.041

0.63

3

0.06

-0.585

-0.004

0.72

4

0.18

0.155

0.021

0.78

5

0.46

-0.343

0.003

0.74

6

0.26

0.016

0

0.62

1

0.05

-0.597

-0.004

0.72

2

0.01

-0.703

0.075

0.68

3

0.45

-0.355

0.003

0.72

4

0.25

-0.157

0.016

0.56

5

0.01

-0.056

-0.037

0.62

6

0.19

0.15

0.022

0.78

7

0.05

0.136

-0.013

0.56

Class

Intercept

Slope

Posterior
probability

Entropy

-0.179

0.007

1.0

NA

BIC, Bayesian Information Criteria; NA, Not applicable
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0.72

0.60

0.61

0.57

0.59

0.58

Supplemental Table 5.2 Dietary pattern derived from Reduced Rank
Regression in 2006
Food groups

Factor loadings*
-0.22
0.30
0.08
0.46
0.00

Rice
Wheat noodles
Wheat flour
Wheat buns, breads
Cakes, cookies and pastries

0.22
0.09
0.11
-0.24
0.05
0.03
-0.11
0.14

Deep-fried wheat
Corn and coarse grain
Starchy roots and tubers
Fresh legumes
Dried legumes
Legume products
Nuts and seeds
Starchy roots products and tubers products
Fresh vegetables, non-leafy
Fresh vegetables, leafy
Pickled, salted or canned vegetables
Dried vegetables
Fruits
High-fat red meat
Low-fat pork
High-fat pork
Processed meats
Organ meats
Poultry and game
Eggs
Fish and seafood
Soy milk
Animal-based milk
Instant noodles and frozen dumplings

0.01
0.08
-0.01
0.19
-0.08
0.02
0.18
-0.08
-0.15
-0.01
-0.37
-0.23
-0.29
0.24
-0.14
0.09

*Factor loadings > |0.20| are in bold numbers
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Supplemental Table 5.3 Independent association between relevant food
groups and HbA1c.
% change in HbA1c (95% CI)a
Riceb
Wheat noodles
Wheat buns, breads
Deep-fried wheat
Fresh legumes
Poultry and game
Eggs and eggs products
Fish and seafood
Soy milk

-2.64 (-4.03, -1.25)
3.06 (1.75, 4.37)
2.50 (0.91, 4.08)
1.53 (-0.59, 3.66)
-0.64 (-1.98, 0.71)
-1.95 (-3.86, -0.04)
-0.53 (-2.04, 0.98)
-1.20 (-2.54, 0.14)
-0.85 (-3.84, 2.13)

a

For a 1 unit change in proportion of participating waves (1991-2006) the food group was
consumed; i.e. the average difference in % change in HbA1c is 3.06 percentage points between
those who always have consumed wheat noodles (proportion of consumption=1) vs. those who
never had (proportion of consumption=0). Each coefficient was estimated in a different model
adjusting by age in 2006, gender, geographical region, mean income, mean urbanicity index, mean
physical activity, proportion of waves smoking, proportion of waves with alcohol intake ≥3
times/week.
b

Proportion below and above the median, instead of proportion consumed.
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Figure 5.1 Dietary pattern score trajectory classes from 1991 to 2006. The lines are the
mean observed trajectory of each class; the mean HbA1c in 2009 adjusted by age,
gender, geographical region, income, urbanicity index, physical activity, smoking,
alcohol intake, is shown next to each class.
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Chapter 6. Synthesis
Overview of findings
This research first focused on the dietary practice in China over the 1991-2009 period,
how foods are eaten in combination, and how they changed or remained stable over time.
This gave us insights about the longitudinal average dietary behaviors of the population.
Then we examined whether these dietary patterns identified in the population were related to
diabetes at one point in time only (2006). Finally we assessed if trajectories representing
long-term dietary exposure were also related to diabetes and other glucose homeostasis
biomarkers.
We used data from the China Health and Nutrition Survey (CHNS), a large and
diverse survey with seven repeated detailed measurements of diet (1991, 1993, 1997, 2000,
2004, 2006 and 2009). The survey was designed to examine across space and time how
economic and social shifts like modernization, are associated with a range of health
behaviors. It has been conducted in China because of its unique rapidly changing economy
and social system. All rounds of the CHNS have collected identical data from the community
and household. Except for biomarkers, which were first measured in 2009. We focused on all
adults 18 to 65 years old. Below we present a brief review of our findings for each aim.
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1. Longitudinal Analysis of Dietary Patterns
Our purpose was to identify the changes or stability in the structure of dietary patterns
and the tracking, trends and factors related to the adherence of these patterns in China from
1991 to 2009. We started by applying factor analysis in each wave to identify if the
population’s behavior, in term of which foods are eaten in combination, have changed or
remained stable over time. We found that the structure of the dietary patterns have remained
relatively stable, the patterns identified were a traditional southern pattern (rice, vegetables,
meat, poultry and fish) and a modern high-wheat pattern (wheat products, nuts, fruits, eggs,
milk and instant noodles/frozen dumpling).
Next, we calculated a dietary pattern score for each person in each wave to assess the
level of adherence over time. We found that for the traditional southern dietary pattern there
was less change in the relative position each subjects had, or in other words, that those that
had high adherence at one point time maintained their high adherence over time; and those
that had low adherence maintained it also. In addition, from the two dietary patterns
identified only the modern high-wheat pattern showed an upward trend, meaning the
popularity of this pattern increased. Geographical region, along with urbanicity level, income
and education were the key predictors for both dietary patterns. Interestingly the differences
in adherence between these subgroups of the population were becoming smaller over time,
indicating that the reach of both dietary patterns might be spreading to the whole population.
Although many studies have identified dietary patterns in China, this is the first one
to use repeated measures to evaluate the changes over time in these dietary patterns.
Therefore this research filled an important gap in the literature.
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2. Dietary patterns at one point in time and diabetes
The dietary patterns identified in the previous aim, are patterns that describe the
eating behavior of the population, as the purpose of factor analysis is to find combinations of
foods that explained the variation in the intake. However, the personal decisions for food
selection might not be related to health. For example, the modern high-wheat dietary pattern
did not only include unhealthful items such as cakes, cookies and pastries, deep-fried wheat,
or instant noodles/frozen dumpling; but it also included healthy items such as nuts and fruits.
Therefore, even if it is of interest to identify the health effects of these dietary patterns as
they are, other methods such as Reduced Rank Regression (RRR), that aim to find the
combination of foods that best explain the variation in the outcome are also useful when
studying dietary pattern-disease associations. In this analysis we proposed that the use of
both methods Principal Component Analysis (PCA) and RRR is complementary, and that the
results of one are useful for the interpretation of the other.
Among 4,316 adults not previously diagnosed with diabetes, we found that the
traditional southern dietary pattern in 2006 had a weak negative association with HbA1c,
insulin resistance and diabetes prevalence in 2009, whereas the modern high-wheat pattern,
had a weak positive association with these outcomes. As expected the dietary pattern
identified with RRR had a strong positive association. Interestingly, the combination of foods
that characterized the RRR pattern seemed to be behaviorally meaningful. This pattern
probably combined the unhealthful aspects of the modern high-wheat (high intake of wheat
buns & breads, deep-fried wheat, soy milk) with a low intake of the healthy items in the
traditional southern (low intake of rice, poultry & game, fish & seafood). In addition fresh
legumes was negatively associated with this pattern and wheat noodles were positively
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associated, indicating that even if these foods are not distinctive of the previous dietary
patterns, they are key components of a pattern associated with diabetes in this population.
3. Long-term dietary patterns trajectories and diabetes
Most of the research that evaluates dietary pattern-disease associations use diet
measured at only one point in time. They either assume that the individual intake or the
ranking of their intake remains stable over time. However, individuals might have changes
over time that do not line up with the average change in the population, and it is of interest to
understand if there are any health effects associated with these inter-individual changes.
Therefore, taking advantage of the repeated measures in the CHNS over 15 years of followup, we examined the long-term trajectories of the dietary pattern previously identified with
RRR.
We used an innovative technique, not used before for dietary patterns to identify the
trajectories. Latent Class Trajectory Analysis (LCTA) is a data-driven method that groups
together subjects according to the similarities in their trajectories. The method was useful to
describe the heterogeneity in the individual trajectories. In a model with 5 classes, we found
that 3 classes had stable parallel scores over time, whereas two had positive slopes, one more
pronounced than the other. The most interesting comparisons are between classes that
intersect at some point. For example among two classes with similar scores in 2006, the one
with lower scores previously had significantly lower HbA1c. And among two pair of classes
with similar scores in 1991, the ones with increasing score over time had a slightly higher
(non-significant) HbA1c.
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After this analysis a key question still remained, are the trajectories important only
because they summarize a long-term mean exposure, or is there an additional effect of
changing (increasing or decreasing) versus maintaining a stable score over time. To
complement the LCTA, we also estimated in each person their slope over time. We assessed
the effect of the change in the slope while holding constant the mid-point of the trajectory,
this way slopes were compared among subjects with similar cumulative mean over time, in
this analysis we found that the slope had no effect. Therefore, these results suggest that the
trajectory was important because it summarized the cumulative mean score and not because
it represented patterns of change or stability.
Limitations and strengths
This research has several limitations; one of them is the potential for selection bias.
The follow-up in the CHNS is complex because subjects might not be available in one wave
and they come back later or new subjects are included in every wave as replenishment
samples. Therefore it is not straightforward to identify which are the characteristics of the
population our studies are trying to make inferences about, and therefore is hard to evaluate
the severity of the potential selection bias. In every wave of the CHNS data for ~20,000
subjects is collected, but for instance in our first aim we included only 9,253 adults. Our
inclusion criteria in this aims was to be aged 18 to 65 years old at any wave with at least 3
waves with complete dietary data from 1991 to 2007, only 20% had all 7 waves of diet
complete. For our second aim only 4,316 were included in the analysis, the inclusion criteria
was being 18-65 years old in 2006, not previously diagnosed with diabetes and have
complete biomarker data in 2009. Furthermore, in the third aim, the analytic sample dropped
even more to 4,049 subjects, they had the same characteristics of the sample of the second
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aim, except that instead of having diet data in 2006 they needed to have at least 3 waves of
diet data complete. However, previous analysis conducted in the CHNS that have used
methods to account for selection bias such as the Heckman two-equation approach or inverse
probability weights, found that selectivity was not an issue.124,125
One important limitation in our data is that blood samples were collected for the first
time in 2009; therefore biomarkers of glucose homeostasis were only known at the end of the
follow-up. We were not able to distinguish between incident versus prevalent (but nondiagnosed) cases of diabetes. This was key for the longitudinal nature of our study, if
subjects started having HbA1c ≥6.5% since 1991, then the dietary patterns from 1991 to
2006 was not the adequate time to evaluate the association between dietary intake and
development of diabetes. On the other hand, even if subjects had HbA1c ≥6.5% since 1991,
their diet intake could still played a role on their glucose control and hence on their HbA1c
values, which is the main reason why in our analysis we did not focused only on a binary
diabetes outcome, but also on the continuum of HbA1c values. Still, even when evaluating
HbA1c values, it is possible that dietary intake has a different effect among subjects with
prevalent diabetes over a longer period of time, compared to subjects that reached the HbA1c
≥6.5% cut point for the first time in 2009.
Another key limitation is related to the diet measurement. First of all, because it was
measured during a short 3-day period it has more random-error and is less representative of
usual intake, this could have weakened our estimates. Also most of the food groups had a low
proportion of consumption; on one hand this increased the methodological complexity of our
analysis, as most dietary pattern methods are developed for normally distributed variables.
On the other hand we missed key information about diet intake. For instance by categorizing
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variables, particularly when categories were limited to consumers vs. non-consumer, we lost
all the variation in amount consumed. For some food groups, which had <5 percent
consumers, their intake was not captured at all in our analysis, this was the case of dairy
products, candies/other high-sugar foods, western-style fast food, salty snacks or caloricallysweetened beverages. Unfortunately many of these items could be key indicators of diet
modernization or key in the development of diabetes.
In addition, despite the short-term period the dietary assessment covered, another
important limitation is that it is designed to capture intake of ingredients as purchased and
not the intake of dishes as consumed. Food preparation is an important behavioral and
nutritional aspect of diet intake, longitudinal changes in these might be occurring and we
were not able to capture them. For example, we missed many elements that are indicative of
modernization such as deep fried bread often consumed as a morning snack, if it was just
coded as wheat and oil. Furthermore, cooking methods can alter the glycemic index of foods,
and therefore be of particular relevance to the study of dietary patterns and diabetes.
Paradoxically, the main strength of this research lies also within the dietary
assessment methodology. By combining both a 24-hr recall and household food inventory
diet measurement is very detailed and precise. Also remarkable is the fact that in over almost
20 years of follow-up the methodology for dietary measurement has remained basically
unchanged. Other common approaches, such as food frequency questionnaires, need to be
designed and tailored specifically to the usual habits of the population in a given time. If used
over a long follow-up they need to be updated to be able to capture the new trends in food
intake. Therefore comparing intake over time, when assessed with different versions of a
questionnaire is not straightforward, it is unclear whether the changes observed are real or
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due to the different questionnaire. The dietary assessment methodology in the CHNS has the
great advantage of remaining constant while at the same time being capable of capturing the
dietary intake changes that are evident in a 3-day period.
These seven repeated measures of dietary intake over almost 20 years of follow-up is
the key strength of our analysis. In China there was no previous information about the
longitudinal changes in dietary patterns. Moreover, in the general literature on dietary
patterns, there has been only few exploration of how inter-individual changes relate to health
outcomes. We used innovative longitudinal techniques to assess long-term exposure to
dietary patterns. Characterizing dietary patterns trajectories with latent class trajectory
analysis is an approach that has not been used in this particular area of research. Therefore
with our analytical approach we were able to take full advantage of this unique data set.
Significance and public health impact
Our research has significant public health and research implications. On the research
side, we contributed to the advancement of the field by thinking through its gaps and
limitations and proposing new approaches for the study of dietary patterns. These new
approaches were not only about the use of innovative methods, but also about a different use
and interpretation of methods already established. On our second aim, we suggested that the
use of both RRR and PCA is not only a matter of identifying which method is better, but
about using the strengths of each to inform and help in the interpretation of the other. On our
third aim we applied a method not previously used before for the study of dietary pattern. We
outlined the advantages and disadvantages we found to inform other researchers of our
experience, promoting a discussion about the utility or gains of using these methods. Our
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research not only brought substantive knowledge to the field, but also thoughts about the
alternative methods and approaches that could be considered.
On the public health side, we described and documented the trends in dietary patterns
of the Chinese population. We found that a dietary pattern characterized by the intake of
wheat products has increased in its popularity; this pattern is associated with many energy
dense foods but also with healthy items such as nuts and seeds or fruits. This information
highlights the need of intervention among the increasing segment of the population following
this pattern, so that the inclusion of healthy items becomes a more prominent part of their
dietary pattern. In addition, the results of our second aim, indeed suggest that parts of this
wheat-based dietary pattern is associated with diabetes when combined with low intake of
healthy items such as legumes, fish and poultry.
Finally our research about the effects of long-term trajectories contributes to the
understanding of the complex interplay between diet and disease. Individuals may have a
similar dietary pattern at one point in time, but some of them could have recently adopted
this pattern and some could have followed the same pattern for years. Our results suggest that
the associated health risks for these two types of trajectories are different. If confirmed, this
knowledge has clear direct public health applications. For instance subjects can be counseled
to make intensive diet and lifestyle changes; given the case that their previous diet has
already increased their risk of disease; or better informed interventions to promote an early
start and maintenance of healthy eating patterns throughout adulthood life could be
implemented.
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Future directions
We proposed an innovative method to assess the long-term trajectories of dietary
patterns and their effects on diabetes and markers of glucose homeostasis. More studies, in
different populations and with different designs need to be conducted before the value of
applying LCTA could be established. We found that the entropy or the accuracy of
classification of subjects in trajectory classes was very low; it should be confirmed if this is
the case for all dietary data, or if dietary measures that are more representative of usual
intake would have a better performance with this method. Alternatively, it could be
confirmed that despite the misclassification and low entropy, this technique is still useful. We
found significant difference between trajectories for HbA1c, but not for diabetes prevalence.
It is possible that identifying statistical differences among trajectories requires more power
than differences between dietary patterns measured at one point in time only. Therefore,
more studies with larger sample size are needed to identify if there is no association for
diabetes prevalence or if it was a matter of lack of power.
As described previously, a key limitation in our research was that we were not able to
distinguish between prevalent and incident diabetes. It should be a priority for the CHNS to
keep collecting blood samples in all of the future waves, so that analyses like ours do not
have this limitation. In addition, our results need to be confirmed in other surveys where
available repeated measures of markers of glucose homeostasis are available.
There are still a lot of limitations and gaps in the measurement of dietary intake,
particularly when the goal is to capture changes over time. Dietary measurement is the base
for all subsequent analysis interested in dietary intake and resources need to be devoted for
the improvement of this area. Methods need to be comparable over time, have a good
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approximation to usual intake and be able to capture changes in the food supply and
preparation methods. A specific recommendation for the CHNS is to invest efforts in
updating the food composition table, so that the introduction of new foods with new
formulations could be better captured. Also, to include information about which ingredients
reported in the 24-hr recall were consumed together in a dish with the corresponding dish
name. We do not recommend however to replace the ingredient level by the dish level,
because variations in recipes may introduce more error, and it is better to have the flexibility
to aggregate or disaggregate the ingredients according to the specific interests of the
researcher. Finally, the inclusion of short food frequency questionnaires, particularly for
more episodically consumed foods, will be a useful complement to the dietary assessment.
Statistical techniques could be used to incorporate information from the food frequency so
that the measures from the 24-hour recall are more representative of usual intake.
Our analysis was very thorough about the changes of dietary patterns and their
association with diabetes. However, the prevalence of diabetes is increasing dramatically in
China and longitudinal analysis such as ours are needed for other modifiable risk factors.
One key factor, worth of further analysis, is physical activity. In this population, physical
activity, particularly occupational physical activity, had a very pronounced decreased over
time and the changes in these were already associated with weight gain.126-128 Hence, we
recommend that future work address the longitudinal role of physical activity on diabetes,
this will complement and help situate our findings in a broader context.
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