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ABSTRACT Colorectal cancer is a major public health problem for its contribution to morbidity and
mortality globally, and one of its major inducements is diet. Despite the achievements in the correlation
studies about dietary habit and colorectal cancer, as an important component of dietary habit, taste preference
has not received enough attention, its quantitative relationship with colorectal cancer has not been fully
revealed. Using data from crowdsourced recipes, restaurant points of interest, and regional colorectal
cancer mortality rates, this study quantitatively analysed the effects of different tastes on colorectal cancer,
established a spatio-temporal link between taste and the disease, elucidating taste’s role in the spatial
distribution of colorectal cancer. According to the analysis, Chinese taste preference presents significant
spatial heterogeneity, and Chinese cuisines most favour ‘Spicy’ which makes up the top two risk factors of
colorectal cancer with ‘Pungent’. Also, the interactions of Salty’ with other tastes might increase colorectal
cancer risk, the same goes for ‘Oily’. The proposed quantitative analysis method based on crowdsourcing
data can be applied to researches on other diseases, and the study can provide a new method and a new
perspective for relevant studies.

INDEX TERMS Risk factor, taste, spatiotemporal distribution, crowdsourcing data.

I. INTRODUCTION

As one of the leading causes of morbidity and mortality
worldwide, colorectal cancer (CRC) has become a major pub-
lic health problem [1]. Approximately two million CRC cases
are confirmed each year, with nearly one million reported
deaths. Of note, middle-aged and elderly people make up
more than eighty percent of the recorded cases [2], [3].
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Considering the population aging, the prevalence of CRC
is expected to increase significantly in the next few years.
For individuals, CRC brings both serious physical injury and
massive psychological damage [4], [5]. For economies and
society, CRC leads to serious problems, such as productivity
impairment and soaring medical expenses, costing billions of
dollars annually [4], [6]. Therefore, CRC poses a tremendous
personal, economic and social burden. It’s worth mentioning
that China is the biggest contributor to the global burden of
CRC due to its large population [7]. Increasing CRC cases
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has been a tough challenge for China to overcome, hence, in-
depth study on the characteristics of CRC in China becomes
necessary [8], [9].

CRC is a chronic disease closely associated with social,
biological and behavioural factors [8], [10], [11]. Eating
habits has been listed as a significant contributor to CRC [4],
[12]. Its strong association with CRC has been confirmed
by previous studies [13], [14], [15], [16], [17], [18], [19],
[20], [21], some studies also imply that the taste preferences
may have influence on CRC [22]. However, most of these
studies rely on questionnaires which are usually limited in
sample size. More importantly, the reliance on questionnaires
will inevitably bring about problems like selection bias and
survival bias. Considering these issues, crowdsourcing data
might be a solution for its advantages in sampling, content
and balance [23], [24]. Given the above, this study chose
China as the study area and utilized crowdsourcing data to
carry out quantitative analyses of the taste preferences of peo-
ple in different regions. The analyses are aimed at detecting a
quantitative relationship between taste preference and CRC.

The significance of this study mainly lies in three aspects.
First, for departments without access to the latest social
survey data or clinical data from medical academies, this
study may help them formulate better intervention measures.
Second, the results presented in the paper can be used by
relevant researches as references or supporting materials.
Last, this paper presents a crowdsourcing data-driven study
on the relationship between Chinese dietary preference and
CRC from the perspective of demography. The study not only
estimates the quantitative expression of the relationship but
also utilizes crowdsourcing data to carry out a new attempt on
public health information mining which has certain practical
significance.

Il. BACKGROUND

A. ASSOCIATION BETWEEN TASTE AND CRC

According to a report from the World Health Organiza-
tion (WHO), unhealthy eating habits, long-term smoking,
excessive alcohol consumption, and irregular sleep are the
top four contributors to CRC. Among these, eating habits
are paramount [4], [12]. Therefore, a plethora of scholars
have explored the impacts of several essential nutrients,
specific foods as well as overall diet structure and nutri-
tional balance [13], [14], [15], [16]. According to their
research findings, low-fat foods [14], dietary products [15],
whole grains, vegetables, fruit [16] and nutrients like dietary
fibre [13], calcium, vitamin D [16] are all associated with
lower risk of CRC, therefore, dietary modification is potential
to reduce CRC incidence [16]. In addition, the strong corre-
lation between culinary preferences and chronic conditions
has also been proven through relevant tests in recruited vol-
unteers. For instance, Vecchia et al. carried out a case-control
study on 953 cases of histologically confirmed colon cancer
and 633 of rectal cancer in Northern Italy. In that study,
relevant information on factors such as food consumption,
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lifestyle habits was obtained by a structured questionnaire,
and the statistics show that the consumption of overly sweet
food positively correlates with the multivariate relative risks
of both colon and rectal cancer [25]. Besides, through ques-
tionnaire survey, such association has been also observed
in other health outcomes like urinary calculi [26], diabetes
[27] and etc. Moreover, preserved foods with high salt con-
tent, saturated/animal fats [17], [18], cholesterol [19], [20],
high sugar foods [17], [21], spicy foods [17] and pungent
spices [21]have been found by a number of studies to have
a significant positive association with CRC risk. This implies
a qualitative relationship between CRC and tastes, such as
‘Salty’, ‘Oily’, ‘Sweet’,‘Spicy’ and ‘Pungent’ [22].

Ill. STUDY AREA

For the study area, we selected 33 of the 34 Chinese first-level
administrative districts based on information from the China
Urban Statistical Yearbook (Figure 1). The 33 selected dis-
tricts include 22 provinces, 5 autonomous regions (Inner
Mongolia, Tibet, Ningxia, Xinjiang, Guangxi), 4 municipal-
ities directly under the central government (Beijing, Tianjin,
Shanghai, Chongqging) and 2 special administrative regions
(Hong Kong, Macao). Considering data accessibility, Taiwan
was excluded from the study. Over 98% of the Chinese pop-
ulation of all ages lives in the 33 selected districts; therefore,
the study results have extensive applicability [28].

IV. METHODOLOGY

As Figure 2 shows, this study was implemented through
eight key steps: (1)fetching points of interest (POI) from
Amap and relevant culinary information from cuisine web-
sites with crawlers for basics, such as restaurants’ locations
and names, as well as detailed information about each dish,
including its corresponding cuisine, recipe, and ingredients;
(2) labelling the taste of each dish according to its ingredients,
then perform statistics of Cuisine_Taste to produce the list of
Cuisine_Taste; (3) getting the regional statistical distribution
of the POI of restaurants of different cuisines, calculating the
proportion of POI of each cuisine, and then obtain the list of
Region_Cuisine; (4) producing the list of Region_Taste on
the basis of the lists of Cuisine_Taste and Region_Cuisine;
(5) visualizing and analysing the spatial distribution pattern
of taste using the spatial analysis of GIS; (6) evaluating the
relative importance of the influence of each different taste on
CRC with LMG model; (7) conducting regression analysis
of taste and interaction evaluation of impact factors utilizing
Geodector; (8) analysing the results in detail.

A. LMG MODEL

Lindeman, Merenda and Gold proposed LMG measure in
1980 and named it after the English acronym of their names.
LMG measure quantifies relative importance of impact fac-
tors in a given quantized regression model [29], since it
takes full account of both the independent contribution and
interactive contribution of all impact factors without the need
for normalized correction or nonnegative correction, it is one
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FIGURE 1. Spatial distribution of colorectal cancer mortality in china.

of the most credible measures for relative importance [30],
[31]. Considering that, this study adopts the LMG model to
evaluate relative importance of each taste on CRC.

LMG model considers the response variable Y, namely
CRC as a linear function of n impact factors x1, x2, . .., Xp:

Y= Bui+e (1)

where B;(i = 1,2, ..., n) indicate the model’s coefficients,
and ¢ denotes the error term; B;(i = 1, 2, ..., n) are estimated
using the collected data. With the estimations of B;(i =
1,2,...,n),68@{=1,2,...,n), the value of Y can be pre-

dicted as:
A n
Y=>% o )

where ¥ denotes the predicted value of Y.
LMG model assumes the sum of each im{actor’s relative

importance to equal the proportion of Var Y ) on Var (Y),

which is generally represented by R”. That can be summa-
rized as:

Var (\A() /Var Y) = Z:;l LMG (x;) 3)

LMG (xi) = L z

o2 ~ SVAR(x;]si(r)) )
: permutation

LMG(x;) refers to the relative importance of x;, r denotes
the order in which x; enters the linear model, and its per-
mutation is expressed as Tpermutarion = (1,721, -5, Fl).
si(r) denotes the set of impact factors that enter the model

before x; in the Fpermutarion, SVAR denotes the increase in R?
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caused by the addition of x; when the model already con-
tains the factors in s;(r). LMG(x;) equals the average of the
increase in R? caused by the entry of x; into the model for all
permutations [32].

B. GEODECTOR

The Geodector is a model proposed by Wang J. F. and Xu
C. Ds. on the basis of the power of the determinant. This
model combines GIS technology and set theory and can be
used to unveil the spatial differentiation of natural phenomena
and relevant driving factors. The main characteristic of the
Geodector is its lack of omission, namely, it will not miss
any existing relationships among given factors [33]. The
model is composed of four different detectors: differentiation
and factor detector, risk detector, ecological detector and
interaction detector. Recently, Geodector has been applied
extensively in the fields of medical science [34], [35], [36],
social economics [37], [38], [39], hazard assessment [40],
[41], [42], and land utilization [43], [44], [45]. Its mathemat-
ical expression is shown in Equation (5):

1 n
Opn=1-— D .o, )
H

where D refers to the impact factor associated with CRC,
Op. n is the indicator of the explanatory power of D, the value
of Op mis between 0 and 1, np ; denotes the sample number
of the i parcel, and 013 ; is the variance in the mortality of
CRC in a parcel (a parcei corresponds to a region).

CRC is assumed to be inextricably linked with taste prefer-
ence in this study, which may have resulted from interactions
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FIGURE 2. Workflow for the navigation of spatiotemporal link between taste and CRC.

TABLE 1. Descriptions and interaction relationships.

Legends Descriptions Interactions
T T Q(x; N xz) < min [Q(xy), Q(x2)] Nonlinear attenuation
S E— —— min[Q(x;), Q(x,)] < Q(x; N x,) < max[Q(x,), Q(x,)] Nonlinear attenuation (single factor)
T Q(x; N xy) > max[Q(x,), Q(x)] Enhancement (two factors)
e Qxy Nxz) = Qlxy) + Q(xz) Independent
T Q(xy Nxz) > Qxy) + Q(xz) Nonlinear enhancement

among different tastes. In view of that, we adopted both the
risk detector and interaction detector of the Geodector; the
former was used for the significance evaluation of differences
among death rates of CRC in our selected first-level admin-
istrative districts, while the latter was used for the detection
of interaction between two tastes (xi, x2) (Table 1) and its
influence on CRC.
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V. DATA

A. DATA COLLECTION

1) COLORECTAL CANCER (CRC)

The death data used in this study come from the ‘Atlas of
major diseases and causes of death in China’ published in Oct.
2016 by the National Centre for Chronic Noncommunicable
Diseases Prevention and Control (http://ncncd.chinacde.cn/),
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TABLE 2. Cuisine and classification.

Data sources

Classification

Cuisine

Amap

Chinese restaurant

Sichuan, Hunan, Cantonese, Shanghai, Shandong, northeast, Jiangzhe,
Beijing, Yunnan, Taiwan, Hubei, northwest, Anhui, Fujian, Chaozhou,
Muslim cooking

Meishijie

Chinese cuisine

Sichuan, Hunan, Cantonese, northeast, Shandong, Zhejiang, Jiangsu,
Halal, Fujian, Shanghai, Beijing, Hubei, Hui, Henan, northwest, Yungui,
Jiangxi, Shanxi, Guangxi, Hong Kong, Taiwan, and other dishes

Meishichina

Chinese cuisine

Sichuan, Shandong, Fujian, Cantonese, Jiangsu, Zhejiang, Hunan,
Anhui, Huaiyang, Henan, Jiangxi, Shanxi, Hubei, Yunnan, Beijing,
Northeast, Northwest, Guizhou, Shanghai, Xinjiang, Hakka, Taiwan,

Hong Kong, Macao

Chinese eight Cuisines
Cantonese

Haochu

Chinese local cuisine

Sichuan, Shandong, Hunan, Fujian, Jiangsu, Huizhou, Zhejiang,

Northeast, Chaozhou, Hubei, Yunnan, Guangxi, Jiangxi, Huaiyang,

Northwest, Muslim cooking, Xinjiang, Beijing

which is affiliated with the Chinese Centre for Disease Con-
trol and Prevention (China CDC). Under the supervision
of the National Health Commission, the China CDC is a
governmental and national-level technical organization spe-
cializing in disease control and prevention as well as public
health. It is also the official provider of disease-related data
in China [46]. Moreover, all of the data provided by the
China CDC have been stripped of information that may reveal
patients’ personal information. The atlas mentioned above
records deaths for CRC per 0.1 million people in 33 Chinese
first-level administrative districts (no data available in Taiwan
Province), indicating the hazard that CRC has brought to
public health [47].

2) POINTS OF INTEREST (POI) OF RESTAURANTS

For most restaurants, their menus must be designed after
fully considering the dietary preferences of the locals, which
implies that menus can reflect the local taste preference very
well. As for the restaurant menus, the detailed information
can be extracted from POI of restaurants.

AutoNavi is a digital map solution provider of content
navigation and location-based services. Its primary product
is Amap (https://www.amap.com/). Utilizing various means
of data collection, such as high-precision aerial photography,
vehicles, and walking, Amap stands out for its abundant
data and clear documents. More importantly, Amap supports
real-time data updates, which guarantees the comprehensive-
ness, accuracy and depth of its data [48].

In addition, compared with other digital maps, Amap
classifies the POI of restaurants more meticulously. Those
POI data offer detailed information about dishes served
by each restaurant, including their names and the cuisines
they are attributed to as well as the position coordinate of
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corresponding restaurant. Thus, the POI from AMaps have
good indicator of reference. In this study, POI of restaurants
were retrieved from Amap by our custom crawler in Aug.
2021. Then, the number of POI of each cuisine in each
first-level administrative district was counted based on the
fetched data. The classification of cuisine is presented in
Table 2.

3) CROWDSOURCING CUISINE WEBSITE

Because Amap has more classifications of POI of restau-
rants than any single crowdsourcing cuisine website,
to maintain consistency with its classification, we com-
bined cuisine taste data from three different websites of a
certain scale: Meishichina (https://www.meishichina.com/),
Meishije (http://www.meishij.net/) and Haochu (https://www.
haochu.com/).

As one of the largest Chinese gourmet websites,
Meishichina provides users with over 0.1 million recipes
detailing both major and minor ingredients as well as condi-
ments. It is an important data source for food lovers as well
as relevant researchers [55]. Meishijie, a food information
service platform founded in Jan. 2007, successfully integrates
elements of recipes, cooking skills, regional snacks, health
tips, e-commerce and light social media. Its humanized
design of content and searching has further promoted its
popularity in China [56]. Haochu is a website that plays a role
similar to a professional recipe dictionary, storing recipes for
various dishes, nutrient information about ingredients, and
health knowledge [57].

According to the birthplace of each dish, the three web-
sites above sort Chinese dishes into several cuisines, such as
Sichuan cuisine, Cantonese cuisine, and Northeastern Chi-
nese cuisine (Table 2). It is worth noting that Henan cuisine
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TABLE 3. The definition of each selected taste.

Taste Definition Reference Representative Ingredient

Spicy Hot feeling (mostly on the tongue) which is caused by capsicum et al. [49] Chilly

Pungent  Burning sensation in tongue, mouth, nose, which caused by something [49] Garlic, Ginger,
except for capsicum

Sour The taste sensation produced by acid [50] Vinegar

Sweet The taste sensation typically produced by sugars (such as sucrose or [51] Honey,
glucose et al.) Brown sugar

Umami  The taste sensation produced by several amino acids and nucleotides [52] Chicken powder Aginomoto
(such as glutamate and aspartate)

Salty The taste sensation produced by salt [53] Salt, Soy sauce

Oily The taste sensation produced by fat [54] Cooking oil

(Yu cuisine) is only categorized as a separate cuisine in
Meishijie and Meishichina, and there are no dishes under
the Yu cuisine in Meishijie. The main reason for this is that
Yu Cuisine is often regarded as the mother cuisine of all
Chinese cuisines [58], [59]. Through comparisons among
recipes of the same cuisine, we noticed clear differences in
the frequency of utilization. Normally, a higher frequency
leads to a higher impact on CRC. Therefore, we ranked all
of the collected recipes by popularity and then retrieved their
information, such as dish name and ingredients.

B. DATA PREPROCESSING

As Figure 2 shows, we collect POI data from three crowd-
sourcing cuisine websites and Amap by crawlers. Between
collection and analysis, there is also a data pre-processing
aimed at getting the lists of Cuisine-Taste, Region-Cuisine
and Region-Taste.

1) CUISINE_TASTE

Given that we collect recipes from three websites, data dupli-
cation should be addressed. Besides, since there is usually
no strict limit on the dosage of ingredients such as spice
or seasoning in Chinese cuisine, the lack of quantitative
information about those ingredients is also a problem to be
solved. If we want to figure out the relation between recipe
and taste, we have to conduct quantization on collected data
about ingredients. Therefore, with the integrated the recipe
data, we set five hundred as the standardized amount of our
collected recipes for each cuisine with reference to relevant
researches and consideration of data characteristics. Next,
we performed quantitative processing on ingredients based
on their usage frequency in recipes gathered. The specific
procedure is as follows.

The first step is data deduplication. We removed all the
duplicate recipes including those only differing in names to
count the recipe amount of each cuisine. Then we incorpo-
rated ingredients with synonyms. It is necessary to point out
that we chose Meishichina as our main data resource. That is
to say, for each cuisine, recipes from Meishijie and Haochu
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would be adopted in turn only when the number of the recipes
published in meishichia is lower than five hundred.

The second step is to determine the research dimension of
taste. Based on the comprehensive consideration of Chinese
culinary culture [60], [61] eating habits [62] and previous
studies on taste science [63], [64], we selected seven funda-
mental tastes (Spicy, Pungent, Sweet, Salty, Sour, Umami,
and Oily). The selection of ‘Spicy’ and ‘Pungent’ came
from the fact that, in China, people usually regard ‘Spicy’
and ‘Pungent’ as primary tastes instead of flavors. ‘Spicy’
specifically refers to taste stimulated only by capsicum, while
‘Pungent’ refers to taste stimulated by ingredients except
for capsicum, such as garlic and ginger. The definition of
each taste is given in Table 3. Utilizing the data related
to ingredient taste, we calculated the matrix Ingredient_
Taste.

The third step is labelling the taste of each dish. According
to the matrix of Ingredient-Taste mentioned above, we labeled
every spice and seasoning used in each dish. An ingredient
may be labelled with several different tastes, for instance,
cinnamon was labelled with ‘sweet” and ‘pungent’ at the same
time. And if different ingredients with the same taste label are
used in one dish, that dish would be labelled with the taste
several times.

After labelling, we counted the occurrence of each taste
label to get the usage frequency of the seven tastes for every
dish. Then based on their cuisine-belonging, we calculated
the usage frequency for each cuisine to obtain the quantitative
index of the seven tastes in Chinese cuisines. Based on the
index, we produced the list of Cuisine-Taste.

2) REGION_CUISINE

This study collected POI data from Amap for around 603,467
restaurants nationwide. As mentioned earlier, the data can
provide information about each restaurant like the address it
locates and the cuisine it serves. Through matrix calculations
on the POI data, this study constructed a Region_Cuisine
matrix for 17 cuisines across 33 provincial-level administra-
tive regions.
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3) REGION_TASTE

Based on the Region-Cuisine matrix, significant dispari-
ties are evident in the number of restaurant POI across
study districts; for instance, Shandong’s count (51,933) was
over 196 times greater than Macao’s (264). In addition,
for each study district, the number of POI of different cui-
sine also varied a lot. Take Henan province as example,
there were 9903 Muslim restaurants marked in Amap, while
only 98 Shandong cuisine. Hence, before creating the list of
Region-Taste, we conducted data rectification [24], [65]. The
adopted rectification formula is defined as:

CountpoL.J.

Adjustingrage;;, = ———
Wk z_]ll] COuntPOlin

Taste; j, (6)

where Taste; j, refers to kth taste of cuisine j in study dis-
trict i, and Countpoy, j Tepresents the number of restaurants of
cuisine j in study district i, while Adjusting_Taste; j, denotes
the rectified kth taste of cuisine j in study district i.

VI. RESULTS

A. TASTE CHARACTERISTICS OF CUISINES

Through labelling and calculation, we obtained the charac-
teristics of the seven fundamental tastes in the seventeen
Chinese cuisines. The results are presented in Table 4 and
Figure 3. Generally, among the seven tastes, ‘Spicy’ was the
most often used in our study cuisines, followed by ‘Sweet’
and ‘Salty’. However, ‘Pungent’ and ‘Sour’ were the least
frequently used tastes (Figure 3). Specifically, Sichuan cui-
sine was characterized by a heavy taste, judging from its
high usage frequency of all seven tastes. In contrast, Tai-
wan cuisine was much lighter, with its focus on the original
flavour of ingredients. In addition, Beijing cuisine was often
very sweet but rarely spicy, whereas Northwest cuisine and
Muslim food were in the opposite style. Cantonese cuisine
and Zhejiang cuisine usually emphasized the taste of ‘Sweet’
and ‘Umami’. The taste usage in Hubei cuisine was relatively
balanced.
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Beijing 361 1403 091 1171 036 624 091 1095 073 1809 162 061 1809 493 444 160 117

Heilongjiang 678 102 029 2610 017 (139 017 120 027 4202 093 020 1580 080 176 054 056
Shandong 200 116 009 689 015 125 010 150 032 4068 2510 016 1761 118 119 048 0.5
Shanghai 920 150 148 518 068 936 016 1323 130 1597 110 1438 1590 292 169 361 235
Zhejiang 337 (119 037 255 037 229 015 631 024 2519 036 027 3480 112 137 1956 046
Jiangsu 434 149 039 348 030 256 020 597 1404 2856 093 099 2801 205 141 448 077

Hebei 599 (205 002 955 010 095 016 291 020 5013 100 016 2226 183 184 069 014

Anhui 4789 087 016 171 027 107 009 331 045 2426 039 041 1587 065 093 144 023

FIGURE 4. Proportions of various types of POI in the 33 study districts.

B. SPATIAL DISTRIBUTION OF TASTES

The restaurant POI data fetched in this study covered
33 provincial administrative districts and seventeen study
cuisines. Through data analysis, we noticed that, for most
cuisines, majority of their corresponding restaurants were
located in their birthplaces. Compared with other cuisines,
Muslim restaurants and Sichuan restaurants occupied larger
market shares outside their places of origin, while Beijing
restaurants and Taiwan restaurants took the smallest market
shares in most districts (Figure 4). Among the 33 first-
level administrative districts, Chinese restaurants in Macao
covered the fewest kinds of cuisines (9), with Hong Kong
coming in a close second (13). Specially, we also noted that
most Muslim restaurants were located in Henan rather than
Ningxia, Xinjiang, or Gansu, where more Muslims popu-
lated. A similar situation also gripped Hunan restaurants and
Sichuan restaurants, which mostly opened in Guangdong,
not in their birthplaces. This shows the inclusiveness and
diversity of Guangdong food culture [66].

Considering the differences among the absolute values of
taste usage in different districts (sometimes even in the same
district), we standardized the data referring to the existing
relevant studies and mapped the spatial distribution of the
tastes, as shown in Figure 5. Overall, food served in north-
ern China was often relatively ‘Oily’, while the southern
region preferred tastes such as ‘Spicy’, ‘Sweet’, ‘Umami’ and
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TABLE 4. Indexes of the seven tastes in the seventeen chinese cuisines.

Taste

Cuisine

Spicy Pungent Sour Sweet Umami Salty Oily
Zhejiang 2.0436 0.2436 0.2040 1.8455 1.0634 1.7723 0.4970
Yungui 22477 0.7207 0.3874 1.2793 1.0000 1.6892 0.5000
Cantonese 1.9024 0.2151 0.2849 2.0000 1.1713 1.6952 0.4701
Hunan 2.3591 0.6528 0.2242 1.1329 0.9385 1.9623 0.5139
Northwest 3.0360 0.5540 0.2881 1.4017 0.7147 1.7452 0.4958
Taiwan 1.6883 0.2764 0.1436 2.1084 0.4851 1.1626 0.5014
Jiangsu 2.7717 0.1196 0.2717 2.6304 1.5000 1.9239 0.5326
Shanghai 2.7164 0.1940 0.2985 2.2836 1.4627 2.1791 0.5522
Muslim cooking 3.3333 0.4000 0.1000 1.2000 0.6000 1.0667 0.8000
Fujian 1.8078 0.1631 0.1631 1.5612 0.9592 1.5340 0.3883
Shandong 2.7649 0.3386 0.3725 1.9641 1.1474 2.0976 0.5478
Beijing 1.7206 0.1580 0.1927 2.0173 0.8902 1.5164 0.5318
Hui 2.6714 0.3714 0.2057 1.7914 1.2086 2.1514 0.4429
Hubei 2.6432 0.3970 0.2563 1.6432 0.8945 2.0653 0.4774
Northeast 2.8558 0.3450 0.2710 1.5731 1.0448 2.2203 0.4912
Sichuan 3.7401 0.9821 0.4464 2.3810 1.2341 2.3909 0.6389
Chaozhou 2.1197 0.3451 0.2465 1.7746 0.7958 1.4648 0.7042

‘Salty’. From a local view, ‘Spicy’ prevailed in the north-
wester and southwestern regions. Moreover, Figure 6 shows
the high usage frequencies of seven tastes, except ‘Oily’, even
including ‘Umami’ in Sichuan and Chongqing. The observed
frequent usage of ‘Umami’ in these two southwestern cities
was somewhat different from the common perception [67].
In addition, Figure 6 suggests that foods served in Shanghai,
Zhejiang and Fujian tended to be on the sweet side. Those
served in Guangxi, Guangdong, Fujian, Hainan, Hong Kong,
Macao, Anhui had the lowest levels of oil [62].

C. RELATIVE IMPORTANCE OF TASTES

Figure 7 shows the LMG model result. As seen in this figure,
the three tastes with the highest relative importance were
‘Spicy’ (31.38%), ‘Pungent’ (21.76%), and ‘Oily’ (13.15%),
which implies that they may generate a greater influence
on CRC than other tastes. However, ‘Pungent’ and ‘Oily’
were used least often in all seventeen cuisines (Figure 3).
Moreover, Figure 7 shows that the tastes with the lowest
relative importance were ‘Sour’ (7.92%) and ‘Salty’ (5.31%).
Figure 3 shows that ‘Salty’ had the second-highest usage
frequency.

D. RISK DETECTION OF TASTES

The risk detection result of tastes is shown in Figure 8. This
figure is plotted by the standardized contribution value of
tastes on the horizontal axis (the contribution value of a
taste is proportional to its usage frequency) and the average
mortality rate of CRC in the corresponding study district in
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TABLE 5. The results of the interaction relationship.

Spicy Pungent Sour Sweet Umami Salty Oily
Spicy 0.84227
Pungent 0.9188 0.8080™
Sour 0.8804 0.9122 0.1670
Sweet 0.9151 0.9228 0.3358  0.2919
Umami 0.9672 0.9823 0.5594 0.6247 0.4885"
Salty 0.9050 0.9224 0.5882  0.8883  0.9229  0.1744
Oily 0.9615 0.9276 0.6066 0.9612 0.8033 0.7001 0.6559"

Note: “*”and “**” indicate p < 0.05 and p < 0.01 in the F-test, respectively.

2015 on the vertical. Regarding the most important tastes,
namely ‘Pungent’ and ‘Spicy’, there were clear inverse rela-
tionships between their contribution values within a certain
range and the corresponding mortality rate (Figure 8). The
lowest contribution values of both of them corresponded to
the highest mortality. When their contribution values were
-0.022 (Pungent) and 1.205 (Spicy), the lowest death rates
were observed and their overall trends were falling despite
local fluctuation.

E. INTERACTION OF TASTES
At the level of p < 0.01, ‘Spicy’, ‘Pungent’ and ‘Oily’
were significantly positively associated with CRC mortality
(Table 5), which is consistent with the LMG model result.
Hence, these three tastes can be regarded as the top three
important taste risk factors for CRC.

All of the interactions among the seven tastes are listed
in Table 6. According to Table 6, each interaction involved
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FIGURE 6. Standardized indexes of the seven tastes in provincial regions.

with ‘Spicy’ or ‘Pungent’ correlated with increased CRC
mortality to some degree. Also, the interactions of ‘Salty’
& ‘Sour’, ‘Salty” & ‘Sweet’, ‘Salty’ & ‘Umami’, ‘Salty’ &
‘Oily’, ‘Oily’ & ‘Sour’, ‘Oily’ & ‘Sweet’ and ‘Oily’ & ‘Salty’
all led to significant nonlinear enhancement effects on CRC
risk. However, ‘Salty’ and ‘Sour’ were ranked poorly in the
relative importance assessment of a single taste (Figure 7).

VII. DISCUSSION
The close link between CRC and dietary habits is
widely acknowledged in the medical community, and taste
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preference is an important component of dietary habits [68],
[69]. There is so much nutrition information hidden behind
people’s taste preferences because a particular taste prefer-
ence usually indicates cravings for the nutrients associated
with the taste [70], [71]. Differences in factors, such as geo-
graphical location and climate, make different tastes present
across the country. Thus, differences in taste presence in
some way result in slight differences in various nutrients
received by humans in different regions [72], [73]. In addi-
tion, individual perception of taste relies on an individual taste
system, which can recognize and quantify nutrients behind
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TABLE 6. The results of the interaction relationship.
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FIGURE 7. The relative importance of tastes in their influences on CRC.

the taste [10], [47]. When someone’s taste system is disturbed
by something like disease, his or her appetite for food as well
as taste choice may be affected.

Recent studies have indicated that the exploration of taste
breaks fresh ground for the prevention and detection of
chronic disease [47], [74]. And several researchers have
confirmed the association between taste and chronic disease
in biology [75], [76], genetics [77], [78], [79], and nutriol-
ogy [80], [81]. Their researches provide theoretical support
and technical references for further study. The study pre-
sented in this paper is grounded in the potential quantitative
relationship between taste preference and CRC. From the
perspective of the spatial patterns of CRC and taste, the
spatial distribution characteristics of the two within first-level
Chinese administrative districts was explored to find their
spatial relationship. Furthermore, the relative importance of
various food tastes to CRC was analyzed and the quantitative
relationships among taste risk factors for CRC were mined.
The study method proposed for this study is suitable and
referenced for other relevant studies, and the results we have
obtained present statistical significance.

Despite the significance mentioned above, as an
exploratory study, there is something worthy of discussion:
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(1) Data. Three issues we need to deal when it came to
data. First is incomplete. The restaurant POI data we used
was from 2021 Amap. But it was incomplete because of var-
ious limitaions. Besides, there was significant data overlap,
since the recipe data came from three different crowdsourcing
cuisine websites. Although we have performed data pretreat-
ment, noisy data still existed due to data size and cognitive
differences. Last but not least, on account of data availability
issues, the latest CRC death data we could use were statistics
for 2016 from the Chinese Centre for Disease Control and
Prevention, whereas the data about restaurants and recipes
were from 2021. We must admit failure to achieve an optimal
logic with respect to the temporal design, and it is undeniable
that this is one of the limitations of this study. Even so,
considering that eating habits are formed over a long period
of time and normally will not change significantly within a
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short period, the scientific validity of the taste characteristics
obtained could be assured [1], [4], [5], [9], [14], [16], [71],
[79], [80], [82].

(2) Methodology. From the perspective of the spatial pat-
terns of CRC and taste and within large-scale, first-level
administrative districts, we evaluated the relative importance
of different tastes to CRC by the LMG model and utilized
Geodector to establish a spatial relationship. These methods
contribute to the strengths and weaknesses of our study.
On the one hand, the ability to detect various relationships,
including interactive relationships and linear and nonlinear
relationships, puts Geodector at an advantage when compared
with other bivariate regression models. On the other hand,
both the LMG model and Geodector rely on spatial statistics,
however, our statistics have not been verified by rigorous
clinical trials, which affects the credibility of the study results
to some degree.

(3) Results. Considering some findings are proposed for
the first time, their rationalities remain to be confirmed by
clinical trials in disciplines such as biology pathology. How-
ever, it has to be acknowledged that, due to the data-driven
analysis, this paper may not have sufficiently addressed
ecological and other factors, potentially leading to the follow-
ing limitations in the findings: @ Incomplete understanding
of environmental Risk Factors. Important ecological con-
tributors to CRC may have been overlooked; @ Limited
universality. The research results may not be generalizability
and applied universally across different countries; @ Single
perspective. This study may not fully explain the multifacto-
rial nature of CRC.

Furthermore, due to the reasons mentioned earlier, Yu cui-
sine has not been incorporated into this study. However,
through its long history of evolution, Yu cuisine has culti-
vated unique culinary techniques, ingredient combinations,
and dietary culture. Not considering these elements might
lead to the omission of significant taste preference risk fac-
tors, potentially compromising the comprehensiveness of the
study results. Future studies from our team may need to
take these factors into account to achieve more persuasive
conclusions.

VIil. CONCLUSION

This paper presents an exploratory quantitative study on the
spatial relationship between CRC and taste using crowd-
sourcing data. Statistically significant results and several new
findings are obtained: (1) Chinese taste preference presented
significant spatial heterogeneity, and the most often used
tastes in Chinese cuisines were ‘Spicy’, ‘Sweet’, and ‘Salty’;
(2) ‘Spicy’ and ‘Pungent’ were the top taste risk factors
for CRC, with the highest relative importance; (3) the taste
interactions involved with ‘Salty’ or ‘Oily’ might increase
CRC risk.

Over and above the findings, there are two limitations of
this study. On the one hand, the deficiency of optimal logic
design and the inadequacy of attention to clinical trials have
more or less affected the rigor of this study. On the other
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hand, regarding the study results, the study’s explanation of
environmental and ecological factors is not comprehensive
enough, and the research perspective is somewhat limited,
which may lead to limited generalizability in the conclusions.
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