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ABSTRACT: This study aimed to compare the nutritional quality of beverages sold in Tiirkiye according to their labeling
profiles. A total of 304 nonalcoholic beverages sold in supermarkets and online markets with the highest market capacity
in Tiirkiye were included. Milk and dairy products, sports drinks, and beverages for children were excluded. The health
star rating (HSR) was used to assess the nutritional quality of beverages. The nutritional quality of beverages was eval-
uated using a decision tree model according to the HSR score based on the variables presented on the beverage label.
Moreover, confusion matrix tests were used to test the model’s accuracy. The mean HSR score of beverages was 2.6+1.9,
of which 30.2% were in the healthy category (HSR=3.5). Fermented and 100% fruit juice beverages had the highest mean
HSR scores. According to the decision tree model of the training set, the predictors of HSR quality score, in order of im-
portance, were as follows: added sugar (46%), sweetener (28%), additives (19%), fructose-glucose syrup (4%), and caffeine
(3%). In the test set, the accuracy rate and F1 score were 0.90 and 0.82, respectively, suggesting that the prediction perform-
ance of our model had the perfect fit. According to the HSR classification, most beverages were found to be unhealthy.
Thus, they increase the risk of the development of obesity and other diseases because of their easy consumption. The deci-
sion tree learning algorithm could guide the population to choose healthy beverages based on their labeling information.
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INTRODUCTION

Diet-related noncommunicable diseases (NCDs), which
are also known as chronic diseases (e.g., obesity, tip 2 dia-
betes, cardiovascular diseases), tend to be of long duration
and are major contributors to disease burden in high- and
middle-income countries (WHO, 2023). These diseases
are triggered by many environmental factors, especially
unhealthy lifestyle habits and obesogenic environments.
Because of the increased consumption of packaged and
processed foods, the incidence of chronic diseases is in-
creasing (Forouzanfar et al., 2016). The Tiirkiye Nutrition
and Health Survey (TNHS) 2017 revealed that the preva-
lence of any chronic disease in individuals aged 19 years
and over was 44% (Republic of Turkey Ministry of Health,
2019). The increasing accessibility of packaged products
also leads to poor diet quality, which increases the risk
of obesity and other diet-related NCDs (Crino et al., 2018;
Vergeer et al., 2020). According to the Tiirkiye Ministry
of Health, the mean daily consumption of water/mineral-

ized water/soda, black tea, coffee, and soft drinks was
1,169.9+819.98, 416.4+403.37, 26.2+79.49, and 1,721.8
+922.94 mL, respectively (Republic of Turkey Ministry
of Health, 2019). Thus, making packaged beverages
healthier will significantly reduce the burden of obesity
and diet-related diseases nationally and globally by re-
ducing the consumption of nutrients of concern (Dunford
et al,, 2019).

Nutrient profiling (NP) is used to classify or rank foods
and beverages according to their nutrient composition for
disease prevention and health promotion. Thus, it can
be used to determine whether foods and beverages are
healthy (Rayner et al., 2013). NP is designed to charac-
terize individual foods, not diets. However, NP models
are widely used to support policies designed to improve
the overall nutritional quality of food supplies. The World
Health Organization (WHO) has considered NP as a use-
ful method that can be used in combination with other
interventions to improve the overall nutritional quality of
diets (WHO, 2022). However, there is no international
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consensus regarding the superiority of a particular NP
model. The latest WHO catalog lists more than 65 cur-
rent NP models. According to a recent literature review,
78 models have been introduced in the last decade
(Labonté et al., 2018). The Australasian health star rat-
ing (HSR) system is one of the most widely used nutri-
ent profile models to assess the healthfulness of pack-
aged food and beverage products (Dunford et al., 2019).

Providing consumers with tools to evaluate the nutri-
tional quality of beverages represents an important public
health initiative. Because of its summary indicator, HSR
can be used to quickly compare similar products, which
is expected to be particularly useful in the grocery shop-
ping environment (Pelly et al., 2020). The HSR system
is a useful tool for communicating health and nutrition
messages to consumers. In short, it aims to provide ap-
propriate, relevant, and easily understood nutrition infor-
mation and/or guidance on food packs to help consum-
ers make informed food purchases and healthier dietary
choices (Jones et al., 2018). According to TNHS-2017, ap-
proximately 4.9% and 6.2% of individuals aged 19 ~64
years in Tiirkiye consume ready-to-drink fruit juices and
carbonated beverages every day, respectively. In addition,
the daily consumption of water and other beverages was
higher in TNHS-2017 than in TNHS-2010 (Republic of
Turkey Ministry of Health, 2019). Increasing the fre-
quency and amount of consumption of ready-to-drink
beverages other than water increases the energy intake
of individuals and the risk of obesity and chronic diseases
(Guzman-Vilca et al., 2022). Considering the contribu-
tion of packaged ready-to-drink beverages to energy in-
take in the Turkish diet and the adverse health conse-
quences associated with their frequent consumption, the
representation of the HSR system in beverages needs to
be investigated. Therefore, in the present study, we aimed
to analyze the nutrient content of beverage labels sold in
Tiirkiye using HSR. Moreover, after categorizing the in-
formation on the food label, we aimed to predict the nu-
tritional quality of beverages according to HSR scores by
performing machine learning decision tree model ana-
lyses.

MATERIALS AND METHODS

Study type

In this market research study, 12 supermarkets and on-
line markets with the highest market capacity that of-
fered beverages in Tiirkiye were included. The beverages
were examined between February and May 2023.

Type and classification of beverages
Nonalcoholic, packaged, and ready-to-drink beverages
were included. Meanwhile, sports drinks, milk, and dairy

products (kefir and ayran), plant-based milk, sparkling
water, nonenergy drinks, and beverages for children were
excluded. Beverages were categorized as fruit beverages
[100% fruit juices (100% fruit content), fruit nectars
(fruit content 25%~99%), fruity beverages (fruit content
10%~24%), aromatic beverages (fruit content<10%), and
lemonades], iced teas, cold coffees, carbonated beverages,
fermented beverages, and energy drinks. The labels were
used to obtain the energy (kcal), carbohydrate (g), sugar
(g), protein (g), total fat (g), saturated fatty acid (g), diet-
ary fiber (g), and salt (g) contents in 100 mL beverages.
The ingredient sections were examined, and the presence
of added sugar, sugar alcohol, artificial sweeteners (AS),
fructose-glucose syrup, E-coded additives (EA), and addi-
tional vitamins/minerals were recorded. Only one bever-
age that had the same ingredients in different packaging
sizes and that was available in more than one market was
included.

Data collection tool

The nutritional quality of beverage products was primar-
ily assessed and ranked based on the HSR system, an in-
terpretive front-of-package labeling system designed to
help consumers select healthier beverages (Jones et al.,
2018). This system is based on the NP scoring criterion
developed by Food Standards Australia New Zealand for
regulating food health claims in Australia and New Zea-
land. The HSR has been externally validated and applied
worldwide (Jones et al., 2018).

HSR was calculated following the methods described
in the “Guide for Industry to the Health Star Rating Cal-
culator” (Australian Government Department of Health
and Aged Care, 2020). In summary, the types of bever-
ages were categorized into one of two HSR categories
(i-e., nondairy, or dairy beverages). Then, the HSR score
was calculated based on the energy and total sugar in 100
mL of nondairy beverages. The HSR levels of nondairy
beverages were calculated based on the energy, saturated
fat, total sugar, and sodium content per 100 mL. The HSR
was calculated by (1) assigning baseline points for ener-
gy, saturated fat, total sugars, and sodium content per
100 mL; (2) calculating the overall score by subtracting
modifying points from baseline points, with a lower score
reflecting a more nutritious beverage or food product;
and (3) assigning an HSR (from 0.5 to 5.0 stars in half-
star increments) according to the overall score using the
defined scoring matrix (Australian Government Depart-
ment of Health and Aged Care, 2020). The higher the
HSR score, the healthier the beverage or food product.
Products with an HSR of =3.5 were considered “healthy”
based on work by the New South Wales Ministry of
Health in Australia. Beverages with an HSR of <3.5 were
regarded as “unhealthy” as they were not compatible with
healthy dietary guidelines (Dunford et al., 2015).
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Statistical analysis and machine leaming model (decision
trees)

All statistical analyses were conducted using JASP Sta-
tistical Software (version 0.18.2, https://jasp-stats.org).
The beverages were divided into two categories accord-
ing to the HSR classification (unhealthy beverages for an
HSR of <3.5 and healthy beverages for an HSR of >3.5)
and 11 groups according to beverage categories [fruit bev-
erages, 100% fruit juices, fruit nectars (25%~99%), fruity
beverages (10% ~24%), aromatic beverages (<10%), lem-
onades, iced teas, cold coffees, carbonated beverages, fer-
mented beverages, energy drinks, and others (vegetable
juice, herbal {detox} or mixed beverages)]. In addition,
the beverages were classified as categorical variables ac-
cording to the presence of AS, EA, added sugar, fructose-
glucose syrup, and sugary alcohol. The energy, carbohy-
drate, sugar, protein, and fat contents of beverages were
calculated per 100 mL. During the comparison of nutri-
ents between groups, beverages that did not contain these
nutrients were excluded from the analyses. Categorical
data are shown as numbers and percentages, whereas nu-
merical variables are shown as mean=+standard deviation,
and median (interquartile range, IQR). For comparisons
of nominal data between HSR groups and beverage types,
Pearson’s chi-square test was used if the expected fre-
quency was <5% in <25% of cells. Moreover, the Mann-
Whitney U-test was performed to compare numerical da-
ta (some nutrients) according to HSR groups and bever-
age types (Van Belle et al., 2004).

The decision tree model of machine learning was cre-
ated using the open-source software R studio (version
3.6.3, http://www.rproject.org). The classification and re-
gression trees (CART) algorithm were used to construct a
decision tree model to determine healthy and unhealthy
beverages according to the HSR classification (classifica-
tion tree, minimum split=20, maximum depth=5, and
minimum bucket=7). The CART algorithm was selected
because it can deal with multiclass outcomes, reduce fea-
ture numbers (through tree pruning), and automatically
define thresholds for continuous variables. Furthermore,
the decision tree is more appropriate and can be inter-
preted more easily compared with other machine learn-
ing algorithms because the predictors include categorical
data. First, we divided the original data into training and
testing data according to 8:2, indicating that 80% (n=
243) of the original dataset was used for training the de-
cision tree model, whereas the remaining 20% (n=61)
was used for model testing. Then, we used the training
and testing data to train the decision tree model and to
verify the model, respectively. To optimize the decision
tree model, a complexity parameter was used for tree
pruning to control the tree size. The optimum complex-
ity parameter was found based on the highest accuracy
and kappa value to determine the optimal model (i.e.,

obtain a lower relative error and smaller size of tree).
The values were 0.85 for accuracy, 0.72 for kappa, and
0.028 for the complexity parameter. Based on these val-
ues, the maximum depth was determined as 5. After op-
timal model selection, we generated a confusion matrix
to test the model’s performance, and we calculated the
model’s accuracy to validate the classification perfor-
mance. To evaluate the prediction of the decision tree
model, several indicators were used, including accuracy,
no information rate (NIR), kappa value, McNemar’s test
value, sensitivity, specificity, positive prediction value,
negative prediction value, precision recall, and F1 score
(Jijo and Abdulazeez, 2021; Greener et al., 2022).

RESULTS

Characteristics of beverages

The number of products, mean and median values, and
HSR classification for each beverage type are presented
in Table 1. A total of 304 beverages were included, of
which 85.2% (n=259) were produced by domestic com-
panies. Carbonated and fruit beverages had the highest
proportion of domestic products. All fermented and oth-
er types of beverages were imported. The median HSR
scores of classes of beverages ranged from 1.0 to 7.0.
Fermented beverages and 100% fruit juices had the
highest HSR score (median=7.0 and 4.0, respectively),
whereas other fruit beverages, energy drinks, and cold
coffees had the lowest HSR score (all median=1.0). In
addition, fermented beverages and 100% fruit juices had
the highest proportion of products with an HSR of =3.5
(80.0% and 57.5%, respectively), whereas fruit beverages
with a fruit content of 10% ~24% and fruit nectars had
the lowest (0.0% and 7.0%, respectively).

HSR classification of beverages

The distribution of origin, added sugar, sugar alcohol,
and fructose-glucose syrup status according to HSR clas-
sification among beverage types is shown in Table 2. As
can be observed, 48% (n=12) of cold coffees were im-
ported; among them, 25% (n=3) were in the HSR>3.5
group. Only 7.7% (n=1) of local cold coffees were in the
HSR>3.5 group. For carbonated beverages, 44.1% had
an HSR of >3.5; among them, 11.8% had added sugar.
The proportional distribution of HSR >3.5 was statistical-
ly lower in carbonated beverages with added sugar than
in those without added sugar (x* test value=28.870 and
P<0.001). The proportion of iced teas containing fruc-
tose-glucose syrup was 53.8% (n=7) in the HSR<3.5
group and 46.2% (n=6) in the HSR>3.5 group. Based
on chi-square analysis, the distribution of fructose-glu-
cose syrup was similar between HSR groups (x*=0.304
and P=0.581). However, the proportion of carbonated
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Table 1. Number of brands and products by classifying the beverages included in the study

Type of beverage Product Domestic company HSR HSR HSR>3.5

Fruit beverage

100% fruit juice 40 40 (100) 3.7+£0.7 4.0 (3.0~4.0) 23 (57.5)

Fruit nectar (25%~99%) 43 41 (95.3) 1.6£10 1.0 (1.0~2.0) 3 (7.0)

Fruity beverage (10%~24%) 41 36 (87.8) 1.3£05 1.0 (1.0~1.5) -

Aromatic beverage (<10%) 17 17 (100) 24420 1.0 (1.0~4.0) 5 (29.4)

Lemonade 15 15 (100) 3.0£27 1.0 (1.0~7.0) 6 (40.0)
Iced tea 27 26 (96.3) 3.1£1.7 3.0 (2.0~4.0) 11 (40.7)
Cold coffee 25 13 (52.0) 20£1.6 1.0 (1.0~3.0) 4 (16.0)
Carbonated beverage 68 68 (100) 32124 2.0 (1.0~6.0) 30 (44.1)
Fermented beverage 5 - 5.6£2.1 7.0 (3.5~7.0) 4 (80.0)
Energy beverage 18 3 (16.7) 2.2+21 1.0 (1.0~4.0) 5 (27.8)
Others"” 5 - 2.6%19 3.0 (1.0~-3.5) 1 (20.0)
In total 304 259 (85.2 2.6%19 2.0 (1.0~4.0) 92 (30.3)

Values are presented as number only, number (%), meanxSD, or median (interquartile range).

HSR, health star rating.
”Vegetable juice, herbal (detox), or mixed beverages.

beverages containing fructose-glucose syrup was statisti-
cally lower in the HSR>3.5 group than in HSR<3.5
group (P=0.002). Only 2.3% (n=7) of all beverages con-
tained sugar alcohol.

The proportions of AS, additives, and vitamin fortifi-
cation by beverage type and HSR category are shown in
Table 3. As can be observed, the main beverages that con-
tained AS included carbonated beverages, iced teas, and
fruit beverages. The proportional distribution of HSR >
3.5 was higher in carbonated beverages containing AS
than in those without AS (x*=28.354 and P<0.001). Ex-
cept for 100% fruit juices (n=8) and others (n=1), most
beverage categories contained additives. The proportional
distribution of the HSR>3.5 group was similar in 100%
fruit juices with food additives than in those without
food additives (x*=0.102 and P=0.749). Approximately
70.0% of vitamin/mineral-enriched 100% fruit juices had
an HSR of =3.5, whereas 53.3% of nonenriched 100%
fruit juices had an HSR of >3.5 (x*=0.853 and P=0.356).
Although the proportion of HSR>3.5 was higher in vita-
min/mineral-enriched iced teas (46.7%) and carbonated
beverages (45.7%) than in the nonenriched group, this
difference was not statistically significant (x*=0.491 and
0.075, P=0.484 and 0.785, respectively).

Energy and nutrient contents of beverages based on HSR
classification

The mean, median, and IQR of energy, some nutrients,
and added sugar for all beverages according to the HSR
classification are shown in Table 4. The median energy
value of the HSR<3.5 group [median (IQR)=47.0 (42.0~
53.0)] was higher than that of the HSR>3.5 group [medi-
an (IQR)=19.0 (3.3~40.8)]. Furthermore, carbohydrates
and added sugars were statistically lower in the HSR>3.5
group than in the HSR<3.5 group (P<0.001). The pro-
tein, total fat, fiber, and sodium contents of beverages

were very low. However, the median values of variables
were similar between groups (P>0.05), except for total
fat (P<0.05).

The median values of energy, carbohydrate, and added
sugar were compared between HSR groups according to
beverage type (Table 5). In all beverage subcategories,
the energy value of the HSR<3.5 group was higher than
that of the HSR>3.5 group, except for fruit nectars (P<
0.01). Lemonade and carbonated beverages had the high-
est energy differences between groups (median differ-
ence=48.7 and 41.2 kcal/100 mL, respectively). Excluding
fruit nectars, the carbohydrate content of the HSR<3.5
group was higher than that of the HSR>3.5 group in all
beverage subgroups. While 100% fruit juices did not con-
tain added sugar, the added sugar content of the HSR
>3.5 group was statistically lower than that of the HSR
<3.5 group in aromatic beverages, lemonade, iced teas,
carbonated beverages, and energy drinks (P<0.001). Ar-
omatic beverages and lemonades had the highest median
difference in the amount of added sugar (median differ-
ence=12.0 and 11.4 g/100 mL, respectively).

The proportions of beverages containing more than 5 g
of added sugar and total sugar per 100 mL were 184
(60.5%) and 236 (77.6%), respectively. While 97.8% of
healthy beverages contained less than 5 g of added sugar,
only 14.2% of unhealthy beverages contained less than 5
g of added sugar. Approximately 98.6% (n=209) of bev-
erages in the HSR<3.5 group had more than 5 g of total
sugars, whereas 29.3% (n=27) of beverages in the HSR
>3.5 group had more than 5 g of total sugars. The pro-
portion of added and total sugars was lower in healthy
beverages than in unhealthy beverages, and the difference
was significant (P<0.001). In addition, 93.1% of bever-
ages were in the very-low energy density (ED) category,
indicating that the ED of healthy beverages was lower
than that of unhealthy beverages (P<0.001) (Table 6).
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Table 2. Distribution of simple sugars and origin in the type of beverage based on HSR classification
Origin Added sugar Fructose-glucose syrup Sugary alcohol
Type of beverage
Domestic Import Yes No Yes No Yes No
Fruit beverage
100% fruit juice
HSR<3.5 17 (42.5) - - 17 (42.5) - 17 (42.5) - 17 (42.5)
HSR>3.5 23 (57.5) - - 23 (57.5) - 23 (57.5) - 23 (57.5)
Fruit nectar
HSR<3.5 39 (95.1) 1 (50.0) 36 (100) 4 (57.1) 31 (96.9) 9 (81.8) - 40 (93.0)
HSR>3.5 2 (4.9) 1 (50.0) - 3 (42.9) 131 2 (18. - 3 (7.0
Fruity beverage
HSR<3.5 36 (100) 5 (100) 40 (100) 1 (100) 19 (100) 22 (100) 4 (100) 37 (100)
HSR>3.5 - - - - - - - -
Aromatic beverage
HSR<3.5 12 (70.6) - 12 (85.7) - 3 (75.0) 9 (69.2) - 12 (70.6)
HSR>3.5 5 (29.4) - 2 (143) 3 (100) 1 (25.0) 4 (30.8) - 5 (29.4)
Lemonade
HSR<3.5 9 (60.0) - 9 (81.8) - - 9 (60.0) 1 (50.0) 8 (61.5)
HSR>3.5 6 (40.0) - 2 (18.2) 4 (100) - 6 (40.0) 1 (50.0) 5 (385
Iced tea
HSR<3.5 16 (61.5 - 16 (66.7) - 7 (53.8) 9 (64.3) - 16 (59.3)
HSR>3.5 10 (38.5 1 (100) 8 (33.3) 3 (100) 6 (46.2) 5 (35.7) - 11 (40.7)
Cold coffee
HSR<3.5 12 (92.3) 9 (750 20 (100) 1 (20.0) - 21 (84.0) - 21 (84.0)
HSR>3.5 1(7.7) 3 (25.0 - 4 (80.0) - 4 (16.0) - 4 (16.0)
Carbonated beverage
HSR<3.5 38 (55.9 - 30 (88.2) 8 (23.5) 22 (78. 16 (40.0) 1 (100) 37 (55.2)
HSR>35 30 (44.1) - 4 (11.8) 26 (76.5) 6 (214 24 (60.0) - 30 (44.8)
Fermented beverage
HSR<3.5 - 1 (200 1 (100) - - 1 (20.0) - 1 (20.0)
HSR>3.5 - 4 (80.0) - 4 (100) - 4 (80.0) - 4 (80.0)
Energy beverage
HSR<3.5 2 (66.7) 11 (73.3 13 (86.7) - 4 (66.7 9 (75.0) - 13 (72.2)
HSR>3.5 1(33.3) 4 (26.7) 2 (13.3) 3 (100) 2 (333 3 (25.0) - 5 (27.8)
Others”
HSR<3.5 - 4 (80.0) 1 (100) 3 (75.0) 1 (100) 3 (75.0) - 4 (80.0)
HSR>3.5 - 1 (20.0) - 1 (25.0) - 1 (25.0) - 1 (20.0)

Values are presented as number (%).

Pearson’s chi-square test was performed between added sugar status and carbonated beverages, fructose-glucose syrup status
and iced teas, and fructose-glucose syrup status and carbonated beverages.

HSR, health star rating.
1)Vegetable juice, herbal (detox), or mixed beverages.

Decision tree model

Fig. 1 shows the HSR quality score with a decision tree
based on the sugar, sweetener, additive, vitamin/mineral,
and caffeine status of beverages. The predictors of HSR
quality score, in order of importance, were as follows:
added sugar (46%), sweetener (28%), additives (19%),
fructose-glucose syrup (4%), and caffeine (3%). In the
first branch, the status of added sugar in beverages was
analyzed. The training set data contained 243 beverages,
of which 69% were unhealthy beverages (HSR<3.5). If
beverages contained added sugar and no sweetener, they
were predicted to be in the unhealthy beverage category
with a prediction rate of 99%. In the other branch, if the
beverages with sweeteners did not contain fructose-glu-
cose syrup, 71.4% of beverages were in the healthy cate-

gory (HSR>3.5). If beverages did not contain added sug-
ar, the tree again asked whether there was a sweetener.
If there was no sweetener, the beverage was predicted to
be in the healthy category with a probability of 90%.
When beverages contained sweeteners and fructose-glu-
cose syrup, they were classified as unhealthy with a pre-
diction rate of 85.7%.

We constructed a confusion matrix to show the predic-
tion efficacy of the decision tree in more detail (Table 7).
According to the HSR classification of beverages in the
test set, the accuracy rate was 90%. Moreover, the accu-
racy of the established model was satisfactory as the P-
value of accuracy> NIR (P<0.001) was statistically sig-
nificant. The prediction performance was 93% (specificity)
for unhealthy beverages and 82% (sensitivity) for healthy
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Table 3. Distribution of sweeteners, additives, and vitamin/mineral enrichment in beverages based on HSR classification

Artificial sweetener

E-coded additive Enriched with vitamin/mineral

Type of beverage

Yes No Yes No Yes No
Fruit beverage
100% fruit juice
HSR<3.5 - 17 (42.5) 3 (37.5) 14 (43.8) 3 (30.0) 14 (46.7)
HSR>3.5 - 23 (57.5) 5 (62.5) 8 (56.2) 7 (70.0) 6 (53.3)
Fruit nectar
HSR<3.5 4 (100) 36 (92.3) 38 (97.4) 2 (50.0 21 (91.3) 19 (95.0)
HSR>3.5 - 3(7.7) 1 (2.6) 2 (50.0) 2 (8.7) 1 (5.0
Fruity beverage
HSR<3.5 10 (100) 31 (100) 41 (100) - 29 (100) 12 (100)
HSR>3.5 - - - - - -
Aromatic beverage
HSR<3.5 - 12 (80.0 12 (80.0 - 6 (75.0) 6 (66.7)
HSR>3.5 2 (100) 3 (20.0) 3 (20.0) 2 (100) 2 (250 3 (33.3)
Lemonade
HSR<3.5 - 9 (90.0) 6 (50.0 3 (100) 6 (50.0) 3 (100)
HSR>3.5 5 (100) 1 (10.0) 6 (50.0 - 6 (50.0 -
Iced tea
HSR<3.5 2 (18.2) 14 (87.5 16 (66.7 - 8 (53.3) 8 (66.7
HSR>3.5 9 (81.8) 2 (12.5) 8 (33.3) 3 (100) 7 (46.7) 4 (333
Cold coffee
HSR<3.5 - 21 (91.3) 19 (86.4) 2 (66.7) - 21 (84.0)
HSR>3.5 2 (100) 2 (8.7) 3 (13.6) 1(33.3) - 4 (16.0
Carbonated beverage
HSR<3.5 7 (21.9) 31 (86.1 38 (594 - 19 (54.3) 19 (57.6)
HSR>3.5 25 (78.1) (13 26 (40.6) 4 (100) 6 (45.7) 14 (42.4)
Fermented beverage
HSR<3.5 - 1 (20.0 - 1 (50.0) - 1 (20.0)
HSR>3.5 - 4 (80.0 3 (100) 1 (50.0) - 4 (80.0)
Energy beverage
HSR<3.5 2 (28.6 11 (100) 9 (64.3) 4 (100) 11 ( 2 (100)
HSR>3.5 5 (71.4) - 5 (35.7) - 5 (31.2) -
Others”
HSR<3.5 1 (100) 3 (75.0 1 (100) 3 (75.0) 1 (50.0) 3 (100)
HSR>3.5 - 1 (25.0 - 1(25.0 1 (50.0) -

Values are presented as number (%).

Pearson’s chi-square test was performed between sweetener status and carbonated beverages, E-coded additive and 100% fruit
juices, enriched with vitamin/mineral and 100% fruit juices, enriched with vitamin/mineral and iced teas, and enriched with vita-

min/mineral and carbonated beverages.
HSR, health star rating.
"Wegetable juice, herbal (detox), or mixed beverages.

beverages. Furthermore, the F1 score was 0.82, which
provides information about the model’s precision and
recall. Hence, we can say that the prediction performance
of our model is good based on the results of the con-
fusion matrix.

DISCUSSION

This study provides a pioneering comprehensive examina-
tion of the nutritional quality of nonalcoholic and ready-
to-drink beverages offered in Turkish markets. According
to the Tiirkiye Nutrition Guide, beverages are expected
to contribute to an adequate and balanced diet. Moreover,

the selection of healthy beverages is an important step
in maintaining a healthy weight and preventing obesity
(Ttrkiye Nutrition Guide, 2022). According to studies
conducted in Tiirkiye, the consumption of beverages is
at a high level. A previous study showed that approxi-
mately 35% of the total daily liquid intake of 3,411 adults
comprised beverages other than water, and a significant
number of these beverages were carbonated soft bever-
ages and commercial fruit juice (Nergiz-Unal et al., 2017).
These findings show the necessity to determine healthy
and unhealthy packaged food and beverages to provide a
clear comprehensive summary of their nutritional infor-
mation, which is defined as NP (WHO, 2011). The HSR
is a system that uses a NP algorithm to evaluate the over-
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Table 4. Mean and median values of energy, dietary fiber, and sodium per 100 mL of beverages based on HSR classification

Energy and nutrient HSR<3.5 HSR>35 Total P-value” U-test

Energy (kcal) n=212 n=92 n=304 <0.001** 2,495.0
Mean£SD 47.9+140 20.7£18.0 39.6£19.7
Median (IQR) 47.0 (42.0~53.0) 19.0 (3.3~40.8) 450 (29.2~51.8)

Carbohydrate (g) n=212 n=92 n=304 <0.001** 2,435.0
MeanxSD 11.1£3.2 4.614.2 9.1x4.6
Median (IQR) 11.0 (9.1~12.5) 3.9 (0.5~8.2) 10.4 (6.3~12.0)

Sugar (g) n=212 n=92 n=304 <0.001** 1,987.0
Mean£SD 8.1£4.2 1.2+18 6.0£4.9
Median (IQR) 8.5 (6.2~11.0) 0.0 (0.0~2.5) 6.4 (0.1~9.9)

Protein (g) n=58 n=37 n=95 0.576 100.0
MeanxSD 1.0£0.9 0.71£0.6 0.9+£0.8
Median (IQR) 0.5 (0.2~1.4) 0.5 (0.0~0.9) 0.5 (0.2~1.2)

Total fat (g) n=33 n=17 n=50 0.011* 157.0
Mean£SD 0.9+£0.7 0.5+0.6 0.8+£0.7
Median (IQR) 0.8 (0.5~1.2) 0.5 (0.1~0.5) 0.5 (0.2~1.1)

Fiber (g) n=29 n=19 n=48 0.405 2365
Mean+SD 0.7+0.6 0.5+0.3 0.6£0.5
Median (IQR) 0.7 (0.1~1.0) 0.5 (0.2~0.6) 0.5 (0.1~0.9)

Sodium (g) n=56 n=25 n=81 0.161 836.0
Mean+SD 0.09+0.1 0.31£05 0.2+0.3

Median (IQR)

0.05 (0.01~0.10)

0.07 (0.03~0.20)

0.06 (0.01~0.10)

1)Mann—Whitney U-test.
*P<0.05, **P<0.001.
HSR, health star rating: IQR, interquartile range.

all nutritional quality of packaged foods and beverages
(Vergeer et al., 2020).

The mean HSR score of beverages examined in this
study was 2.6 stars, indicating that these beverages are
unhealthy. Moreover, only 30.2% of beverages had an HSR
of >3.5. In a recent study conducted in Tiirkiye, the re-
sults were different. According to the study 92.6% of
191 nonalcoholic beverages were evaluated as “healthy,”
and the mean HSR was 3.5 stars (Bayram and Ozturkcan,
2021). This is thought to be because the number of bev-
erages included in the studies is different and the variety
and number of these products in the markets are rapidly
increasing. Conversely, in a previous report on the nutri-
tional profile of food and beverages marketed by the 21
largest global companies in nine countries, the mean
HSR of beverages was 2.5, and two companies had the
highest mean HSR; this is because they marketed 100%
fruit juices, bottled waters, or dairy-based beverages, and
32% of overall beverages were considered as “healthy”
(Dunford and Taylor, 2018). In the present study, the
first two beverages that had the highest HSR score in-
cluded fermented beverages (5.6 stars) and 100% fruit
juices (3.7 stars). Vegetable juices and dairy beverages
that were included in this study could not be evaluated
because they were very limited in the market. Fermented
beverages have the highest HSR score because they are
made from vegetables. It is stated that for nondairy bev-
erages with a fruit, vegetable, nut, or legume (FVNL)
content =40%, FVNL is the main driver of the HSR.

However, the loss of positive nutrients that may occur
during the production of fruit juices should also be con-
sidered. In addition, fruits should mostly be consumed
fresh and raw because of the lower fiber content and
acidity of fruit juice, increasing the risk of dental erosion
(HSR Technical Advisory Group, 2018).

Evidence suggests that the consumption of sugar-sweet-
ened beverages (SSBs) is associated with weight gain,
obesity, risk of coronary heart disease, and type 2 dia-
betes (Malik et al., 2006; Keller and Bucher Della Torre,
2015; Malik and Hu, 2019). In the present study, all sug-
ar-sweetened fruit nectars, fruit beverages, and cold cof-
fee were “unhealthy.” Reducing the consumption of these
beverages and raising consumer awareness are essential
to prevent the development of NCDs and obesity. In a
previous study conducted in Tiirkiye, university students
were found to consume an average of 11.34 g/d of sugar
through only SSBs (Meric et al., 2021). Although there
is usually information about the amount of sugar on the
front label of SSBs, there should be remarkable icons, in-
cluding star rating, and consumers should be informed.
By contrast, many SSBs are made with large amounts of
high-fructose corn syrup (HFCS). Compared with glu-
cose, fructose is metabolized differently in the body, and
the excessive consumption of fructose has been shown
to increase the risk of dyslipidemia, nonalcoholic fatty
liver disease, increased abdominal fat, and decreased in-
sulin sensitivity (Clifford and Maloney, 2016). Similarly,
96.9% of fruit nectars with added HFCS and all fruit
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Table 5. Median and IQR values of energy and some nutrients based on beverage and HSR classification

Bayindir Giimdis et al.

Energy and nutrient N Energy Carbohydrate Sugar Added sugar
100% fruit juice
HSR<3.5 17 57.0 (54.5~60.0) 14.0 (13.0~15.0) 13.0 (10.0~14.0) -
HSR>3.5 23 47.0 (42.0~49.0) 11.0 (9.3~12.0) 9.0 (8.0~11.0) -
P-value” <0.001*** <0.001*** <0.001*** -
Fruit nectar
HSR<3.5 40 52.1 (46.4~55.7) 12.0 (11.2~13.4) 11.6 (10.4~13.1) 6.5 (5.5~7.7)
HSR>3.5 3 45.0 (28.0~49.0) 10.4 (6.2~12.0) 6.3 (6.1~9.1) -
P-value 0.058 0.083 0.004** -
Aromatic beverage
HSR<3.5 12 50.0 (48.5~52.5) 124 (11.5~12.9) 12.2 (11.5~12.4) 12.1 (11.0~12.6)
HSR>3.5 5 16.0 (4.6~36.8) 40 (0.3~8.5) 3.4 (0.0~6.8) 0.0 (0.0~2.3)
P-value 0.004** 0.004** 0.001** <0.001***
Lemonade
HSR<3.5 9 53.0 (46.2~55.0) 13.0 (11.4~13.2) 11.5 (10.3~12.9) 11.5 (9.6~13.0)
HSR>3.5 6 4.0 (4.0~20.0 0.6 (0.4~4.6) 0.5 (0.3~4.6) 0.0 (0.0~4.5)
P-value <0.001*** 0.001** <0.001*** <0.001***
Iced tea
HSR<3.5 16 345 (29.0~37.2) 8.4 (6.9~9.0) 8.3 (6.9~8.9) 8.4 (6.9~9.0)
HSR>3.5 11 19.0 (4.0~20.0) 4.6 (1.0~4.8) 45 (0.9~4.8) 4.6 (0.0~4.8)
P-value <0.001*** <0.001*** <0.001*** <0.001***
Cold coffee
HSR<3.5 21 53.0 (48.5~64.5) 8.8 (8.1~9.4) 8.4 (7.7-8.6) 5.8 (4.2~6.4)
HSR>3.5 4 38.5 (9.5~48.0) 3.9 (1.0~5.9) 3.5 (0.9~5.8) -
P-value 0.006** 0.008** 0.003** -
Carbonated beverage
HSR<3.5 38 435 (37.5~45.0) 10.6 (9.2~11.0) 9.6 (8.8~10.5) 9.6 (8.8~10.5)
HSR>3.5 30 2.2 (1.0~13.2) 0.5 (0.0~3.1) 0.0 (0.0~3.1) 0.0 (0.0~3.1)
P-value <0.001*** <0.001*** <0.001*** <0.001***
Energy beverage
HSR<3.5 13 45.0 (38.0~46.0) 11.0 (9.3~11.0) 11.0 (8.9~11.0) 11.0 (8.9~11.0)
HSR>3.5 5 11.0 (2.5~29.0) 0.9 (0.5~2.7) 0.0 (0.0~2.5) 0.0 (0.0~2.5)
P-value <0.001*** <0.001*** <0.001*** <0.001***
Values are presented as median (IQR).
Energy is shown in kcal, while other nutrients are shown in grams.
IQR, interquartile range; HSR, health star rating.
1)Mann—Whitney U-test.
**P<0.01, ***P<0.001.
Table 6. Energy density and health code distribution of beverages according to HSR classification
Total (n=304) HSR<35 (n=212)  HSR>3.5 (n=92) P-value"
Minimum 5 g of added sugar per 100 mL <0.001***
Yes 184 (60.5) 182 (85.8) 2 (2.2)
No 120 (39.5) 30 (14.2) 90 (97.8)
Minimum 5 g of total sugar per 100 mL <0.001***
Yes 236 (77.6) 209 (98.6) 27 (29.3)
No 68 (22.4) 3 (1.4) 65 (70.7)
Energy density <0.001***
Very-low (<0.6 kcal/mL) 283 (93.1) 191 (90.1) 92 (100)
Low (0.6~1.5 kcal/mL) 21 (6.9) 21 (9.9) -

Values are presented as number (%).

HSR, health star rating.
YPearson’s chi-square test.
***P<0.001.

beverages with added HFCS had <3.5 stars.
While HSR considers many ingredients of beverages, it
does not evaluate AS, EA, and added micronutrients

(Vergeer et al., 2020). All fruit nectars and fruity bev-
erages containing AS are considered “unhealthy,” where-
as all lemonades and cold coffees containing AS are con-
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Desicion tree

0.69 0.31
100%

Added-sugar=yes

0.900.10
63%

Sweetener=no

2

0.56 0.44
13%

Fructose_glucose_syrup=yes

0.44 0.56
24%

Caffeine=no

E_coded_additive=yes

Sweetener=no

Fructose_glucose_syrup=yes

Fig. 1. Decision tree for predicting
health star rating quality score. A
total of 304 nonalcoholic ready-to-
drink beverages were included in
the study. Data from all beverages
were analyzed. The decision tree
model shows that beverages are
predicted to be healthy or unhealthy
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0
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minerals.

Table 7. Confusion matrix table of the decision tree model

Actual value
Predicted value
HSR<3.5 HSR=>35
HSR<3.5 41 3
HSR>3.5 3 14

Outcomes of statistics

Accuracy (95% confidence interval) 0.90 (0.79~0.96)

NIR 0.72
P-value (Acc>NIR) <0.001
Kappa 0.75
McNemar’s test P-value >0.999
Sensitivity 0.82
Specificity 0.93
Positive predicted value 0.82
Negative predicted value 0.93
Prevalence 0.27
Detection rate 0.22
Balanced accuracy 0.87
Precision 0.82
Recall 0.82
F1 score 0.82

Confusion matrix, accuracy (95% confidence interval), kappa
and McNemar’'s test of the decision tree in the testing
(validation) group.

HSR, health star rating; NIR, no information rate; Acc, accu-
racy.

sidered healthy. Accordingly, some beverages containing
EA or micronutrient(s) can be “healthy” or “unhealthy.”
In other words, there does not seem to be a relationship
between these contents and the HSR of beverages. In ex-

amining HSR components, healthy beverages (=3.5 stars)
contained lower median energy, carbohydrate, sugar, and
total fat contents compared with unhealthy beverages.
The reason why the protein, fiber, and sodium contents
of healthy and unhealthy beverages were not different
may be because both types of beverages are not a source
of protein (dairy beverages were excluded), fiber, and so-
dium. Although the energy, carbohydrate, sugar, and add-
ed sugar contents varied among beverage categories, there
was a similar situation in every category. The ED of food
and beverages is remarkable beyond the total energy.
Food can be divided into four ED categories: very low ED
(less than 0.6 kcal/g), low ED (0.6 ~1.5 kcal/g), medium
ED (1.6~3.9 kcal/g), and high ED (4.0~9.0 kcal/g)
(Rolls, 2017). According to this classification, all healthy
beverages and 90.1% of unhealthy beverages in the pres-
ent study had very low ED. Most unhealthy beverages
had a very-low ED probably because of their high water
content. This also explains why no beverages were clas-
sified as medium and high ED. However, this difference
was found to be statistically significant.

In the decision tree created with various variables, var-
iables other than those evaluated in HSR also affected
their nutritional quality. According to HSR, added sugar,
sweeteners, additives, fructose-glucose syrup, and caffeine
were the strongest predictors of healthy beverages. Ma-
chine learning has better performance than the tradi-
tional statistical analysis approach. However, each deci-
sion tree machine learning algorithm has its strengths
and weaknesses. Analyzing categorical data through a
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decision tree provides a more robust result that can be
more easily interpreted by people. Various supervised ma-
chine learning models based on decision trees have been
successfully applied to medical data for the accurate pre-
diction of several clinical conditions, including metabolic
syndrome (Yu et al., 2020), myocardial infarction (Baxt,
1991), cancer (Salama et al., 2012), and others (Joshi et
al., 2010; Pei et al., 2020). However, there is limited re-
search that will provide information about the health
claims of foods and beverages by applying machine learn-
ing models to nutrition labels. The decision tree con-
structed in the present study provides information about
the nutritional quality of the most frequently consumed
beverages based only on the presence or absence of data
in the label information, regardless of their quantity. One
of the main reasons why added sugars and sweeteners in
beverages were the most important determinants is that
these components are included in the HSR score calcu-
lation. However, the resulting decision tree model only
draws this conclusion based on simple statements such
as “present” or “absent” while calculating the HSR score
with a series of mathematical calculations. In this con-
text, such simplified machine learning can be analyzed
by people. Moreover, the high accuracy, precision, and F1
score in the cross-validation step show that this model
has good predictive capability.

In conclusion, many ratings can determine whether
food and beverages are healthy or unhealthy. According
to HSR, most beverages examined in the present study
were unhealthy. Because of the easy consumption of bev-
erages, added sugar is a risk factor for the development
of obesity and other diseases. Therefore, consumer aware-
ness needs to be raised. The presence of star rating icons
on beverages can guide consumers in correctly choosing
a healthy beverage. To the best of our knowledge, this
study is the first to apply machine learning algorithms to
determine whether beverages are healthy based on nu-
trition label information. We found that decision tree
learning algorithms identified healthy beverages based
on simple information (e.g., added sugar and AS) pro-
vided on the label of beverages. Thus, these algorithms
can play a role in reducing the risk of NCDs by provid-
ing a simple and effective approach to reducing the con-
sumption of unhealthy beverages. However, further re-
search is needed to validate our results by applying ma-
chine learning model analysis to access the label in-
formation of beverages that are much more prevalent in
the market.
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