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Abstract

Inadequate and inappropriate intake of food is known to cause various health issues and
diseases. Due to lack of concise information about healthy diet, people have to rely on
medicines instead of taking preventive measures in food intake. Due to diversity in food
components and large number of dietary sources, it is challenging to perform real-time
selection of diet patterns that must fulfill one’s nutrition needs. Particularly, selection of
proper diet is critical for patients suffering from various diseases. In this article, we highlight
the issue of selection of proper diet that must fulfill patients’ nutrition requirements. To
address this issue, we present a cloud based food recommendation system, called Diet-Right,
for dietary recommendations based on users’ pathological reports. The model uses ant colony
algorithm to generate optimal food list and recommends suitable foods according to the values
of pathological reports. Diet-Right can play a vital role in controlling various diseases. The
experimental results show that compared to single node execution, the convergence time of
parallel execution on cloud is approximately 12 times lower. Moreover, adequate accuracy is
attainable by increasing the number of ants.
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1. Introduction

One of the major factors for a healthy life is daily diet and food, specifically, for the people

suffering from some minor or major diseases. eHealth initiatives and research efforts aim to
offer various pervasive applications for novice end users to improve their health [1]. Various
studies depict that inappropriate and inadequate intake of daily diet are the major reasons of
various health issues and diseases. A study conducted by World Health Organization (WHO)
estimates that around 30% of the total population of the world is suffering from various
diseases, and 60% deaths each year in children are related to malnutrition [2, 3]. Another study
by WHO reports that inadequate and imbalanced intake of food causes around 9% of heart
attack deaths, about 11% of ischemic heart disease deaths, and 14% of gastrointestinal cancer
deaths worldwide [4]. Moreover, around 0.25 billion children are suffering from Vitamin-A
deficiency [5], 0.2 billion people are suffering from iron deficiency (anemia) [6], and 0.7
billion people are suffering from iodine deficiency [7].

Generally, a person remains unaware of major causes behind deficiency or excess of various
vital substances, such as calcium, proteins, and vitamins, and how to normalize such
substances through balanced diet. Several works [8-15] proposed different recommendation
systems related to food. These systems can be categorized as: (a) food recommendation
systems [8, 9], (b) menu recommendations [11], (c) diet plan recommendations [12], (d) health
recommendations for different diseases like diabetes and cardiovascular [13, 14], and (e)
recipe recommendations [10, 15]. All the aforementioned systems provide recommendations
to either some specific disease or balance the diet without considering information about any
disease or nutrition deficiency in the body. For instance, in [8], a food recommendation system
is proposed for the patients of diabetes. The system recommends various foods for diabetic
patients without considering the diabetes level that may fluctuate frequently. Similarly, the
authors in [9] do not consider the nutrition factors that have significant importance for a
balanced diet recommendation.

Keeping in view the above mentioned facts and figures, it is of critical importance to maintain
a balanced intake of food. However, it is quite challenging for a common person to keep track
of personal food requirements because of the massive diversity of dietary components and
items. A systematic food recommendation system is desired to recommend the appropriate
food considering the disease of the person. The major challenge in designing such a system is
the handling of greater volumes of data in terms of ingredients, quantity, nutrition facts,
people’s preferences, and simultaneously taking into consideration a person’s pathological
reports. The system must be scalable enough to handle recommendation queries from all over
the globe. A solution to the aforementioned challenges is the use of cloud computing. Cloud
computing is an innovative and emerging platform that enables users to perform on-demand
scalability of computing and storage resources [16].

In this article, we present a cloud based food recommendation system called Diet-Right that
considers the users’ pathological tests results, and recommends a list of optimal food items. To
achieve optimal results, we developed an algorithm based on Ant Colony Optimization (ACO).
We designed a database of 345 pathological test reports and their normal ranges. A database
was created by performing a field survey and collecting the information about pathological
reports from different laborities [17, 18, 19]. The collected data was verified by a pathalogist
of a hospital. Moreover, a database of 3,400 food items with 26 entries for most common
nutrition was taken from the official website of composition of foods integrated dataset
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(CoFID) [20]. Based on the real-time input of user’s parameters, the Diet-Right recommends
top ranked food items to the user.

The rest of the paper is organized as follows. Section 2 discusses related work. Section 3
presents the system model and recommendation process. Section 4 presents the experimental
setup and results, and Section 5 concludes the paper.

2. Related Work

Several works have been proposed for different recommendation systems related to diet and
food. These systems are used for food recommendations, menu recommendations, diet plan
recommendations, health recommendations for specific diseases, and recipe recommendations.
Majority of these recommendation systems extract users’ preferences from different sources
like users ratings [21, 22], recipe choices [23, 24], and browsing history [25, 26, 27]. For
instance, in [24], a recipe recommendation system is proposed using social navigation system.
The social navigation system extracts users’ choices of recipes and in return recommends the
recipes. Similarly, in [27], a recipe recommendation system is proposed that is capable of
learning similarity measure of recipes using crowd card-sorting. The above mentioned
recommendation systems lack in solving a common problem known as cold start problem. All
these system must wait for the users to enter enough data for the effective recommendations
[28]. Some of the commercial applications like [29, 30] offer users for a quick survey in order
to get users preferences in a short time. For instance, the survey used by [29] is specifically
designed to match the lifestyle of the user i.e., healthy, sportsman, pregnant, etc. The survey
also attempts to avoid various foods which do not match the user’s lifestyle. Similarly, a
guestionnaire is used by [30] through which a user answers different questions about his/her
lifestyle, food preferences, nutrient intake, and habits. The system once extracts all the basic
information is then able to recommend different meals for daily and weekly basis.

A Food Recommendation System (FRS) [8] is proposed for diabetic patients that used K-mean
clustering and Self-Organizing Map for clustering analysis of food. The proposed system
recommends the substituted foods according to nutrition and food parameters. However, FRS
does not adequately address the disease level issue because the level of diabetes may vary
hourly in different situations of the patient and the food recommendations may also vary
accordingly. Tags and latent factor are used for android based food recommender system [9].
The system recommends personalized recipe to the user based on tags and ratings provided in
user preferences. The proposed system used latent feature vectors and matrix factorization in
their algorithm. Prediction accuracy is achieved by use of tags which closely match the
recommendations with users’ preferences. However, the authors do not consider the nutrition
factors in order to balance the diet of the user according to his needs. Content based food
recommender system [10] is proposed which recommend food recipes according to the
preferences already given by the user. The preferred recipes of the user are fragmented into
ingredients which are assigned ratings according to the stored users’ preferences. The recipes
with the matching ingredient are recommended. The authors do not consider the nutrition
factors and the balance in the diet. Moreover, chances of identical recommendation are also
present because the preference of the user may not change on daily basis. In [31], knowledge
based dietary nutrition recommendation system is proposed for obesity. The recommendations
include dietary nutrition and diet menus for individuals using collaborative filtering technique.
An application for mobile users is also developed in order to recommend the dietary nutrition
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and menus to the users. Similarly, a food recommender system is proposed in [32] for patients
in care facilities. The application is designed for caregivers in the care facilities in order to
offer the food according to the patient preferences.

The above mentioned food recommendation systems are specifically dealing with some
diseases or related to balance the diet. In case of food recommendation for specific diseases,
the systems recommend different foods for patients without knowing the level of disease
which may vary in different cases. Similarly, in case of food recommendations to balance the
diet, nutrition factors are ignored which are very much important to recommend food and
balance diet.

In medical practice, sometimes, pathological tests are required to identify a particular disease.
A pathological test report wusually indicates deficiency or excess of certain
compounds/parameters in human body (e.g., levels of iron, calcium, or RBC count, etc.) which
may cause particular disease. In this article, we present a novel food recommendation system
specifically dealing with the pathological tests results. Our system considers diseases related
to pathological reports, and most common nutrition factors in recommending the food items to
the users. For this purpose, we used a database of 345 pathological test reports to categorize
various diseases that occur due to the deviation from the normal ranges of
compounds/parameters. Moreover, we designed a system that allows users to input values for
a specific parameter. Based on the deviations of the input parameter value from the normal
ranges, the system generates a diet plan that aims to cover those abnormalities. Furthermore,
we used ant colony algorithm to train the system with the values of various parameters’ ranges
and diseases.

3. Diet-Right Model

The main focus of this work is to provide dietary assistance to different people who are
suffering from common diseases. The proposed model recommends various foods and
nutrition to the people based on their pathological test reports. Every pathological report has
some indicators that are calculated based on the nature of the tests. For instance, if a doctor
advised a patient to take pathological test of blood, then the common test entries include the
values of hemoglobin, red blood cells (RBC), white blood cells (WBC), plasma, and sugar.
Normal ranges of the aforementioned indicators are usually given in the test reports. In this
way, the patient can identify the abnormalities after comparing with the normal ranges. In our
proposed system, a user is provided with the complete list of the test parameters to make
selection from. The user inputs the specific values of test report in the selected parameters. We
gathered the data of normal ranges for tests including blood (plasma and serum), urine, stool,
cerebrospinal fluid (CSF), and gastric and secretion tests. A matrix of 345 entries was
constructed. Each individual components of a test (e.g., blood test) have normal ranges with
lower and upper bound. The ranges of the same component may differ on the basis of gender,
age groups, and fasting or no fasting. Our system is trained on various types of age groups and
their respective ranges of parameters. This allows the system to suggest diets as per needs of
the users.
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3.1 Diet-Right Architecture

In majority of the existing food recommendation systems, centralized architecture is used
[8-15]. The main disadvantage of using such systems is scalability, when dealing with the
massive amount of data. We propose a cloud based solution to offer the scalability and
pervasiveness, where the smart phone users can conveniently access the recommendation
system (see Fig. 1).

The model takes the input values as a first step. User enters the demographic data including
gender and age as well as the value of the pathological test reports. These values are sent to
cloud infrastructure in second step and are compared with the normal ranges that are stored in
our database. In the third step, the abnormality level of the pathological test reports is
computed. In the next step, the weight assignments and matrix generation process is carried
out. In the fifth step, ranks are calculated for each food item and are sorted in descending order.
In the sixth step, the user is provided the recommended list of food items.

Food to Nutrition Matrix

O, 3
Ranked Food O

Recommendations Food

Food 1

— Cloud Infrastructure Pathological
Food 3 fests
Food 4

Recommendation Requests

Age Fasting/
@ @~ ( Gender (( Group (( Random (
User Profile Data/Pathological Reports Data

Users

Fig. 1. Architecture of Diet-Right
3.2 Proposed Algorithm based on Ant Colony Optimization (ACO)

In this subsection, we present the food recommendation process using variant of ant colony
approach on a graph of foods to generate the optimal food set for the users. In Diet-Right, we
have used Ant Colony Optimization technique. ACO metahiuristic is a constructive and
population based-approach which relies on the social behavior of ants. It is recognized as a
most powerful approach for the solution of combinatorial optimization problems [33]. The
main steps used in our proposed Algorithm are explained as follows:
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Each food item is placed on nodes and a strongly connected graph is generated as shown in Fig.
2. Each link of graph has associated n and T values, where 7 is the randomly initialized
pheromone, and n is the heuristic information initialized as the inverse of squared sum of
difference of all the ingredients I. In Equation (1), k represents index for food ingredient, i

and j represent i*" and jt* food item, | represents a single ingredient in a certain food item,
and m is the total number of ingredients in a certain food item.

Nij = L1 Uik — Li)? -
1)

Where, 7 is used to control exploration and exploitation of ACO and the values of n € (0,1).

\ Each Food item contains food
ingredients with ingredients

proportion in respective food item

Fig. 2. Graph representation of the problem

After initialization, each ant constructs its local solution by visiting nodes which provide best
cost in terms of low error compared to targets. Target vector represents the amount of food
ingredients required against the particular disease. Target vector is predefined based on
pathological reports, for instance, target vector for user with calcium deficiency may ranges
from 9 to 10.5. The different nodes or food items are selected using transition rule which
selects a path with highest transition probability. Transition probability is given by Equation

(2):

[ti ()] % [ni (£)]B P (2)
pE®) =1 Toejelt, 01 x 1, OF J
0 Otherwise

Where, Ti(t) represents the pheromone level at time t, ni(t) is the heuristic information at
time t, and a, B are the hyper parameters in the model used to weight heuristic information
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and pheromone level (used for fine tuning). Moreover, k represents ant, i represents initial
node, j is the target node, r is index of current selected path, and j* represents the solution.

When an ant selects a path among all existing paths (excluding the path in the solution), it
updates the pheromone level locally as depicted in Equation (3).

k K if ij €Sk(®)
lej(t-i-l) 2{1’” () xp+ot*, 3)

(1-p )r{‘j ® otherwise

Where, rﬁ‘j (t + 1) is new pheromone level that is increased by amount &z¥, and evaporation
is governed by multiplication of pheromone decaying parameter p. Also, S is the solution of
the k" ant at time ¢.

Each ant provides locally optimized food set based on the nutrition expert recommendations,
but here, we are interested in the globally optimized solution. As we are using supervised
approach, we use Root Mean Square Error (RMSE) for the selection of globally best solution.
To do so, we initialize global solution to EMPTY set and solve for each ant. Initially, solution
returned by the first ant is considered as the global solution. Afterwards, when rest of the ants
return with a solution, their RMSE is compared with the current global solution replacing the
global solution with the solution having minimum RMSE value. For fast convergence of the
solution, we update the pheromone level again using the same formula, but the update is only
for the path that is globally optimal solution as depicted in Equation (4).

T;’} (t) X p+ 619, if ij €S89(t) 4)

Tt +1) = otherwise

v { 1 -PT5®

In food selection process, there is a need to select diversified foods to enhance the acceptance
of foods among different people. We manage and update the heuristic information in such a
way that the diversity among foods is maximized. For heuristic information update, we use
Equation (5).

. ek 5
n=a > y(st©) (1 + ¢ie—'sn(t)'>.if ieS*(6) ©

m; k=1

Where, m is the selected number of foods, ¢; is the number of times a food is selected in
whole iteration, and m, ¢b; are the parameters used to balance the solution in terms of local and
global perspective. The used heuristic information faciliates in the selection of foods with
minimal redundancy. Alorithm 1 presents food recommendation using ACO.

Algorithm 1: Food Recommendation using ACO

Input: Dataset (f,n) f foods, n nutrition, and T (n) prescribed
nutrition plan

Output: Selection of Optimized Food Set R based T (n)



KSII TRANSACTIONS ON INTERNET AND INFORMATION SYSTEMS VOL. 11, NO. 6, June 2017 2917

1. Set initial values of the heuristic information nij, p and level of
pheromone trails 7; ; randomly and Nants < k

2:59 9
3: repeat
4. Generate and randomly place ants at different nodes of the graph
5: k<1
6: for k < Nants do
7 Construct Solution SX for each Ant using transition and
pheromone update
8: while (all nodes are not visited) do
9: Calculate transition probability using (2)
10: With constraint S* t) # St +1)fork =1,2,3,...,n
11: Update pheromone locally rf‘j using (3)
12: Add argma.{pF ()} to S¥(t)
13: end while
14: if (§9 = @) then
15: S9(t) =S*(b)
) . . k 2
16: else if ( \/ (T — $6Dsoy2 > J (T — yines )Sik) ) then
17: S9(t) =S5*(b)
18: else
19: do nothing
20: end if
21: end for
22: Update pheromone globally rf;. using (4)
23: Update heuristic information n; using (5)
24: E(T,S9) = \/(T _ Zfizle(sg) Sig)z

25: until E(T,S9)= Ty or maximum iterations reached
26: Return S9

3.3. Ranked List Generation

If a single item is selected, the foods are recommended based on parameters relevant to the
item. For instance, in case of uric acid, purine quantity in the foods is considered. However, if
multiple items are selected, then the following equation is used.

n
=) P (©)
=

Where, T,, represents the total weight of the food item, P; represents a single parameter (e.g.,
purine, carbohydrates, etc.), and W; represents the importance of the food item (value lies
between 0 and 1). The weight T\, of the food items facilitate to rank the foods based on the
selected items. Food items consist of P,, nutrition and each pathological test indicates certain
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deficiencies of P,, in human body. Therefore, the weights W; are introduced to compensate
the tradeoff between different test substances. Weight assignment of different foods is stored
in food-to-nutrition matrix where each row of the matrix represents a food plan. There are m
number of food plans each having n numbers of food items in every food plan. The matrix
generates ranked food plans which are used by the user.

4. Experimental Setup and Results

Extensive simulations are conducted to evaluate performance of the proposed system. The
experimental setup and results are discussed as follows.

4.1. Experimental Setup

The details of the experimental setup and parameters used for evaluation are presented in
Table 1.

Table 1. Experimental Setup

Parameters Values

Total Number of Food Items 3400

Nutrition for Each Food Item 26

Total Number of Pathological Test Reports 345

Number of Ants used for Simulation 10-120

Maximum lterations for each Ant 200

Simulation Tool MATLAB

Single Node System Configuration RAM 16 GB, Cores 4

Cloud Configuration MATLAB Parallel Cloud, Cores 16
4.2. Results

We analyzed the behavior of proposed algorithm in terms of time complexity. We observed
that increasing number of ants converge the solution to its minimum cost, but practically, it is
not feasible to use high number of ants. Moreover, using high number of ants to contract a
solution increases the time complexity as shown in Fig. 3.
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Fig. 3. Tradeoff between numbers of ants to time complexity

To select optimal number of ants for best results irrespective of time complexity, RMSE was
estimated. It is observed that 110 ants produce lowest error rate. As our algorithm uses random
initialization, it produced varied results. To address this abnormality, we used average of 10
executions with same settings. It can be observed that with increasing number of ants, RMSE
is decreasing. Fig. 4 shows average RMSE withrespect to increasing number of ants.

0.034 T T T T T T T T T

T
—#—Number of Ants Vs. RMSE
0.0335 - 1

0.033

0.0325 -

0.032

0.0315

Average RMSE

0.031

0.0305 -

0.03

0.0295 I I I I I I I I I I
10 20 30 40 50 60 70 80 90 100 110 120

Number of Ants

Fig. 4. Tradeoff between number of ants and RMSE

For selection of optimal number of ants, we performed best cost analysis for number of
iterations versus number of ants. It is evident in Fig. 5 that in our case, 80 ants provide best
results in terms of converence of the solution.
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Fig. 5. Cost over Varying No. of Ants and Iterations

Fig. 6 presents the convergence time of different diseases. As shown in the previous result, 80
ants provide the best result in terms of convergence of the solution. Therefore, we have used
80 ants for the convergence time comparison between the most common diseases. The result
shows that the convergence time for normal person is higher compared to persons with some
disease. On the other hand, the convergence time to recommend foods for a hypertension
patient is significantly lower compared to others. The reason for such variance is that the
number of foods available for a normal/healthy person is much higher compared to the number
of foods that are avilable for a patient.

3000

2500

2000
)
2 1500
o
(8]
&
o 1000
£
= 500

0 T T T T
Normal Iron Deficiency Kidney Disease Diabetes Hypertension

Fig. 6. Convergence Time of Different Diseases
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Fig. 7 illustrates the cost comparison of common diseases. It can be seen that least cost is
achieved for hypertension, whereas normal person exhibited highest cost compared to others.
This shows that the dataset used in this study is more suitable for certain diseases, such as
hypertension.

1.2

=¢=Diabetes

== ron Deficieny

Average RMSE

Kidney Disease

== Hypertension

=] ==Normal

20 40 60 80 100 120 140 160 180 200
Iterations

Fig. 7. Cost Comparisons of Diseases

Fig. 8 depicts the accuracy of recommendations relative to number of ants. The result shows
that the highest accuracy is achieved with 110 ants. It is quite evident that when we increase
the number of ants, the accuracy is also increased. Moreover, it is observed that the accuracy
remains constant between 80 to 100 ants.
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0.969 //
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0.968 /*__;/
0.9675 /“/
0.967
0.9665 )/

0.966

Accuracy
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No Of Ants

Fig. 8. Accuracy of Recommendations
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Fig. 9 depicts the convergence time of single node and cloud-based execution. For this
experiment, we executed our algorithm using Matlab’s cloud framework [34]. It is evident
from the result that the convergence time is significantly reduced with cloud-based execution.
It is noteworthy that the convergence time of cloud based execution is approximately 12 times
lower (on average) compared to single node execution.

—e—Single Node
100000
—*¥— Cloud
10000
m
ke
C
o
Q
é 1000
(]
£
'_
100
10
10 20 30 40 50 60 70 80 90 100 110 120
No. of Ants

Fig. 9. Convergence Time of Single Node and Cloud based Execution

5. Conclusions

In this paper, we presented a cloud based food recommendation system called Diet-Right.
Based on user input, it recommends a list of optimal food items using an ACO model.
Diet-Right manages and updates the heuristic information in such a way that the diversity
among foods is maximized. Extensive expermentation was performed to check the cost,
accuracy, convergence time, and performance gain. As a future research, we will focus on the
recommendations breakdown for different timings of the day, such as breakfast, lunch, and
dinner. Moreover, we will consider the amount of nutrition in different food items as per
timing and daily needs of the patients. Furthermore, group food recommendation for
family/friends is another interesting research area that can be explored.
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