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ABSTRACT: This paper proposes a fuzzy logic diet journaling system based on the premise that food intake is a control
system. Past work in fuzzy diet analysis is covered. This continues into a discussion over strengths and weaknesses of the
past work and a synthesis of requirements for a fuzzy diet analysis system with food recommendations. The proposed
system is described and implemented. Two methods for nutritional feedback, one fuzzy and the other crisp, are compared.
A comparison is made between the usefulness of fuzzy and crisp diet data from a user’s perspective.
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I. INTRODUCTION

Although understanding the potential biological impact of a specific food choice is as easy as performing a search of
articles with the relevant terms, a comprehensive understanding of all potential diet impacts in real time is more
complicated. For instance, someone may be on a low fat diet in order to lose weight. That person may be so focused on the
reduction of fat that he or she misses other variables in the diet, such as not consuming enough other nutrients. This is
where diet journaling and analysis is beneficial.

Because the consumption of nutrients may be considered a control system, this is a case where a fuzzy system would be
useful. Past work has been performed in this area. For instance, other systems utilize fuzzy ontology to recommend
healthier foods based on preference and condition [5][9], [10], and [12].

The goal of this project is to review fuzzy methods in relation to diet journaling, and implement some form of fuzzy
system for diet feedback or planning. A nutritional model will be extracted from the literature, with fuzzy values assigned
accordingly.

The remainder of this paper is divided into 6 sections. Section II provides a brief overview of the core concepts used in the
paper. Section III performs a review of the use of fuzzy logic in nutrition systems. Next, section IV discusses the strengths
and weaknesses of the related work in terms of how well each work describes the problem space. Each subsection covers a
particular issue, and concludes with a well justified, evidence-based conclusion on the direction this paper will take. Section
V explains how the fuzzy inference is built for this paper. Section VI explains its implementation and integration with
existing diet journaling software. Section VII compares the usefulness of the fuzzy system with various crisp methods, and
VIII provides a conclusion on the success of fuzzy methods, with further suggested research.

II. BACKGROUND

A. Fuzzy Set Theory

Fuzzy sets were first proposed by Zadeh in [1] as a way to express degrees of membership to a set in vague, rather than
crisp, terms. He later expounded by suggesting the use of fuzzy sets to represent possibility distributions, related to
probability distributions via the possibility/probability consistency principle [2]. These principles are exploited in this work.
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B. Fuzzy Ontology

Ontology is a method for representing a piece of knowledge (e.g. an idea, fact, or concept) and its relationship to other
pieces of knowledge [3]. Because classical ontology is not equipped to deal with uncertainty or vagueness, they are
extended with fuzzy data to compose fuzzy ontology: A fuzzy ontology adds a degree of truth to an ontology, which
describes the degree to which an item is an instance of a class of items [4]. This is useful for constructing a set of
knowledge for a domain, and running some automated reasoning process on that knowledge which takes into account the
aforementioned memberships/relationships.

A. Fuzzy Concepts in Nutrition

Optimal

Response

Dose
Fig. 1 The Dose-Response Curve for essential elements

Fuzzy set theory is very suitable for diet analysis because the effects of nutrient intake are continuous valued; there are no
crisp quantities above or below which a nutrient should or should not be consumed, as is demonstrated in the dose-response
curve shown in figure 1 [15]. Additionally, any reasoning based on nutrient consumption must be based on scientifically
derived empirical data, as this is the only useful means of confirming material knowledge. It is well established that
although mathematical concepts may be proven with certainty, material observations may never reach absolute certainty,
and therefore scientific conclusions are best expressed in degrees uncertainty, or fuzziness, depending on the
conclusiveness of the data.

III. BACKGROUND

A. Research Methodology

In order to assess the state of the art of fuzzy systems applied to diet information, a search of the IEEE Xplore database was
performed with the keywords “fuzzy” and “diet”. 14 articles were returned, of which 7 articles were specifically related to
assessing the healthiness of a diet [6]. Additionally, a search of “fuzzy” and “nutrition” was performed, which yielded an
additional 2 related articles [13]. An additional article of topicality ([15]) was found by reference in [14], and was added to
the review set. A brief synopsis covering each of these 10 studies follows.

B. Summary of Related Works

[5] Focuses on diabetes management. It utilizes a T2FO to construct three 6-layer T2FOs:
1. A fuzzy personal profile ontology which includes region, age, gender, height weight, eating habits, and more.
Layer six groups the user into demographics, such as: “Boy”, “Extra slim”, “Big”, etc.
2. A fuzzy food ontology that for each food represents data on food group and macronutrient content, which reduces
to calories being high, medium, or low.
3. Fuzzy personal food ontology composed of two sets, planned and actual diet, that eventually resolves to whether
very much or very little was eaten, or should be eaten.
The system allows a domain expert to enter diet goals and food items. A user, who has a profile, then inputs eaten items.
The set of T2FOs defined above, based on these inputs, is consulted by an “Intelligent Diet Recommendation Agent” to
create a personalized meal plan that contains suggested servings from the six food groups.
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[6] involved the Creation of a diet ontology using fuzzy modeling language (FML). It included logic based on Fuzzy
inference from fuzzy variables, fuzzy terms, and membership functions on fuzzy sets, and gives the user an indication of
healthiness. Healthiness is divided into five states: VeryUnhealthy, UnHealthy, MediumHealthy, Healthy, and
VeryHealthy. These classifications were made by the system and then by domain experts independently. The results of the
study compared the performance of the system with that of domain experts.

In [7], a chromosome is constructed to encode FML ontology with many genes containing: the knowledge-base, fuzzy rule-
base, and fuzzy hedges. The knowledge-base is constructed with data from Taiwanese foods. A category layer for foods
classifies them with respect to how they comprise a meal (e.g. “side dish”, “dessert”, or “Beverage”). Much like in [6], a
healthiness level is established, though in this case it is constructed with different inputs, namely the three major
macronutrients (carbohydrate, protein, and fat) translated into percentage of total calories: percentage from carbohydrates,
protein, and fat (PCC, PCP, and PCF), respectively. A balance of defined food groups, or food group balance (FGB) is
computed. A planned calorie vs. consumed calorie ratio (PCR) is computed from actual calories divided by planned. These
five inputs: PCC, PCP, PCF, FGB, and PCR, are used in fuzzy rules to map to low, medium, and high fuzzy terms, dietary
health level (DHL). To test the system, seven students enter their diet data and the system is evaluated by domain experts.
The genetic system is trained and evaluated by experts.

In [8], a system much like [5] is constructed, only with a 5-layer fuzzy ontology instead of six, and group information,
PCC, PCP, PCF, and FGB, used as inputs just like [7], but excluding PCR, and including caloric density (CD), which is an
expression of calories per gram of food consumed. There is also a user profile input like in [3], but it only includes body
mass index (BMI) categories: Underweight, Normal, Overweight, and Obese. The output, also as in [7], is a DHL.
Similarly, in [10] a three-layer T2FO is constructed with layers consisting of Domain, category, and concept layer, with
item and nutrition facts sub-layers. The output is also DHL, and focuses on the possibility of healthy diet status.

In [9] and [12], improved diabetes maintenance was sought by means of food clustering using the Taiwan Department of
Health (DOH) database as a basis for dietary data. In [9] , experts ranked the importance of each nutrient to diabetics, and
in [12], experts determined optimum ranges for each nutrient for diabetics. This rank was used as a weight multiplied
against the total amount of a nutrient, for each nutrient in each food, to give a total score for each food. Then,
agglomerative hierarchical clustering algorithm (HCA), based on average (rather than complete or single) linkage distance
was used to create hierarchical clusters, which were then assigned to classes (synonymous to, but more relevant than “food
groups”). Then, foods were ranked within each class using two methods: level positioning, and granular ranking, depending
on amount of nutrient and recommendation of nutrients, respectively. The level positioning method was based on seven
major nutrients: Calories, moisture, protein, fat, carbohydrate, fiber, and cholesterol. Each food item has its nutrient values
for the seven nutrients ranked into three categories: low, medium, high. The granular ranking was based on a positive or
negative effect of each nutrient with regard to diabetes care. In this way, food items are grouped by nutrients they contain,
and then ranked by the positive vs. negative health impact of each nutrient. In [9], this information was only used to
generate a food ontology naming tree, and in [12], the ontology naming tree was implemented in a food substitution
recommendation system. A user of the system would enter their weight, and the system would use this and the dietary
needs of diabetics to calculate required nutrients, presenting the user with a set of food recommendations. If the user
dislikes a food, that food may be removed and the system finds a replacement using the ontology naming tree.

In [11], blood glucose level (BGL), diet exercise and insulin regime (DEI), and X (stress, illness, pregnancy, etc.) are used
as inputs in an artificial neural network (ANN) to learn the best DEI regime for optimization of BGL. Training of an
“Flman” three-layer ANN with 95 neurons in the recurrent layer was performed using back propagation, where the
recurrent layer used a tan-sigmoidal function and the output layer used a linear function. Training was performed on a small
set of data, and two subjects were found to test validity of the ANN’s output. Included are suggested neuro-fuzzy
techniques be used in the future.

An expert-driven custom food database is used in [13]. Nutritionists enter data with fuzzy values describing possible
imprecision. Diabetic users enter their age, height, weight, physical activity, and diagnoses for a user profile. They then
enter their foods and quantities consumed. Considered imprecisions in this process comes from three places: (1) varieties of
foods that have only one entry in the database, (2) nutritionist guesses at nutrients contained in foods that have not been
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analyzed, and (3) measurement error by the user. These are all treated as trapezoidal fuzzy intervals, and are added using
fuzzy arithmetic in computing a user’s daily intake of each nutrient, resulting in a vector of fuzzy numbers that is compared
to the nutritionist-determined normal intake of nutrients (also a trapezoidal fuzzy interval). The result is shown to the user
as a Galvameter after their diet entries, and suggestions about slight changes to the diet are made using a balancing
algorithm.

Sandham etl. [11] implement a fuzzy inference system (FIS) to estimate the densities of foods using the two inputs:
cooking temperature and cooking time. The rules are based on empirical evidence gathered by performing several
experiments on frying pre-processed French fries. The results are compared with a test set and the mean error of the system
was 2.2%.

The system in [15] treats nutrient intake like a dose-response curve in linguistic variables that include: clinical, critical,
sufficient, and optimal, for each nutrient. Membership values from 0 to 1 are based on German nutrition recommendations
of 6 nutrients for an individual between 25 and 51 with light level of activity and average body weight. Upper limits for
cholesterol, alcohol and sucrose are also considered, with membership functions not starting at 0. A hamming distance is
defined based on “kitchen units”, which are roughly analogous to serving size that can be used to suggest the amount of
change to diet necessary. It is suggested that in order to resolve conflicts in foods that may contain one nutrient but not the
other, a harmonic mean operator could be used on each nutrient to determine a Prerow value (PV), which could be used to
determine optimal intake of a particular food item, and could be used to suggest small dietary changes. There is no system
produced in [15]; it points out a hypothetical use of fuzzy sets for diet analysis.

Table I below presents a summary of all the past work covered in the preceding synopsis.

TABLE
CONSOLIDATED PAST WORK ON “Fuzzy DIET”
Technique Inputs QOutput

[5] Multi-tier T2FO | Diet goal Meal plan

User profile
[6] Diet log Healthiness level

Expert data
[10] Diet log Healthiness level

(8]

Expert data
User profile

Macronutrients of
consumed foods

Healthiness level

[12]

Naming Tree

[7] Genetic Macronutrients of Healthiness level
Algorithm + consumed foods
Fuzzy/FML

[9] HCA + Food Database Ontology Naming tree
Ontology Expert Ranking of nutrients

Food Database
User weight
Food preferences

Food Substitutions

[11]

Neural network
(ANN)

Blood glugose level (BGL)
Diet, Exercise & Insulin
(DEI), and health issues

Optimum DEI regime
for best BGL control

[13]

Fuzzy Interval

Food item nutrients &
expert-described fuzziness.
User profile (age, height,
weight, physical activity,
and health issues)

Suggestions for slight
changes to diet

[14] | FIS Frying Time and Food Density
Temperature
[15] | Fuzzy Sets Nutrients consumed Foods to consume
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IV. DISCUSSION

A. Food Classifications

The food classification approach in [5] results in unjustified boundaries. Two examples are: the food group and region
classifications. Food group members can have significant differences, which makes this category less useful than nutrient
content [9] , an issue recognized and mitigated in [12]. Additionally, foods in different groups may be similar in nutrient
content. For instance, a goal to increase protein consumption can be met just as easily using dairy as with meat, or even a
combination of grains and legumes. Analyzing whether the other macronutrients contained in these foods (fat and
carbohydrate content) will fit in the food plan is much more relevant than food groups.

Additionally, distinguishing features between foods which should exist are not defined, resulting in a myopic system. For
instance, the “Grains and Starches” group in [5] does not discern whether a food is whole grain. Because the nutrient
content excludes fiber, this information is completely absent. Fiber and whole grains are an important component in
controlling diabetes [21] the goal of the systems in these articles. Additionally, micronutrients that are significant in the
onset and control of diabetes [17] are excluded from these T2FO systems. As in the previous point, reducing foods to a set
of known constituents is more descriptive than these artificial classifications, as it includes important differentiations
between foods.

A final reason to discard food classifications is that food is broken down into its constituents during digestion, begging a
reductionist approach. For the reasons above, the system in this paper will use constituent nutrients and elements, rather
than any food groupings, to analyze each food. In this way, rather than developing a complex system with a variety of weak
points, a robust and reductionist system will be built that operates on known information.

B. Hierarchy of Evidence

Systematic
Reviews

Randomized
Controlled Trials

Cohort Studies

Case-Control Studies

Case Series, Case Reports

Editorials, Expert Opinion

Fig. 2 The Hierarchy of Evidence

Expert opinion was used to populate the fuzzy systems in [5]. This type of data occupies the lowest rung in the hierarchy of
evidence [24], shown in Figure 2. It is infected with bias, conflict of interest, disagreement, and is considered useful only
when evidence is weak [25]. The system in [5] accounts for expert opinion uncertainty using a T2FO. However, this level
of uncertainty is unnecessary when systematic reviews and meta-analysis are available [24]. The use of such low quality
data more than offsets any potential gains from the use of a Type-2 fuzzy system to express uncertainty. Note that these
systems were evaluated based on user satisfaction reporting from a single group of participants. A more results-oriented
approach would compare diabetes management success in two groups (one group that uses the system, and a control group
that does not). This lack of empirical feedback explains how the previously described deficiencies would go unnoticed by
the authors.

The systems in [11] and [14] relied on direct observation and empirical analysis, which is an improved position in the
evidence hierarchy, but these systems have limited applications. The study in [15] based its food analysis on systematic
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reviews performed by the German Nutrition Society (DGE), the National Academy of Sciences (NAS), and United States
Department of Agriculture (USDA). This evidence is at the apex of the evidence hierarchy, as it is derived from systematic
reviews and meta-analysis [24], which constitutes a summation of hundreds of empirical studies. Because of the wealth of
studies, this article was able to produce a system that operates on a decent set of nutrients, and the resulting system was
much less limited than [11] and[14]. Likewise, the system in this paper will use a comprehensive list of nutrient
recommendations available from the USDA.

In [6] there is no feedback to the user on how to correct an undesirable level of healthiness. For the system to be useful in
improving health, it needs to present actionable feedback to the user. The strength of [5] is that they present the user with
changes the user may implement, which is one of the goals of the system in this paper. Therefore, the system will suggest
foods based on nutrient content. This paper will borrow concepts from the clustering methods in [9] and[12] to determine
which foods to suggest. It will also allow the user to mark a food as undesirable to get another recommendation, an
additional concept borrowed from [12].

C. Use of Fuzzy Systems

Because the intake of essential nutrients can be treated like a dose-response curve, where there is a range of sufficient
intake, but also insufficient and potentially toxic amounts on either end, fuzzy logic provides an extremely well-suited
representation of this data [15]. Therefore, it is clear that some form of fuzzy system should be used. Although [9]], [11]
and [12] suggest using fuzzy systems in their conclusions, these works do not rely on fuzzy logic. [5] use Type-2 Fuzzy
Ontologies, which is supposed to represent uncertainty in expert opinion. Because more certain data is being used for the
system in this paper, a Type-2 system is not necessary for this specific rationale, but could be useful in the future if we were
to begin encoding less reliable information. In [13], fuzzy intervals were used to represent uncertainty in the nutrient
contents of a food and in measurement error, and fuzzy arithmetic was used to compare daily nutrients against a normal
profile determined by experts. These uncertainties are guesses rather than based on established research as was performed
in [15]. Because of the goal to reflect reality as closely as possible, the system in this paper will show partial memberships
based on similar classes to those defined by the dose-response curve in [15], and values from systematic reviews in
scientific literature.

D. Requirements

The requirements in table II are derived from the above discussion:

TABLE II
GOALS & REQUIREMENTS
Goal The system will be based on directly cited empirical
evidence.
Goal Any complexities in the system will have well justified
rationale.
Req The system shall recommend foods that increase the

amount of nutrients in which the user’s diet is deficient,
and avoids nutrients that the user has in excess.

Req The system shall evaluate diet based on nutrient content.
Req Recommended nutrient levels shall be obtained from
systematic reviews on established research.
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V. FUZZY INFERENCE SYSTEM

A. Input fuzzy sets

Given the previous conclusion that individual nutrients are the best choice for the system, the input set consists of the
values for each nutrient consumed. The linguistic values are the level of each nutrient consumed: Inadequate, adequate, and
excessive.

Each nutrient has a separate mapping onto linguistic values, constructed in the following manner: An intake value of O has
an inadequacy value of 1.0 for any essential nutrient. For nutrients that are not essential, there is no inadequate set. The
adequate set for essential nutrients is a triangular function based off the function triangle (0, x, ul), where x is either the
adequate intake (Al), or the recommended daily allowance (RDA), depending on which is available, and ul is the upper
limit (UL) designation for the food. For adult intake of macronutrients, the set is a trapezoidal function of the form
trapezoid (0, amdr_min,amdr_max,ul) where the acceptable macronutrient distribution range (AMDR) has boundaries
amdr_min and amdr_max.

These values were determined based on Dietary Reference Intake (DRI) values [26]. Based on comprehensive reviews by
the NSA, the USDA has issued DRI values, established to replace the Recommended Dietary Allowance, for known
nutrient values. These include the following information: Estimated Average Requirements (EAR) includes the nutrients
thought sufficient for at least 50% of the population in a demographic. Recommended Daily Allowance (RDA) is computed
to meet the needs of 97% of the population; Adequate Intake (Al) is a less firm belief than EAR or RDA that a food will
satisfy everyone in a demographic. Tolerable upper intake levels (ULs) are established for vitamins or nutrients that are
known to be toxic above a certain level. The UL is the highest level known to be safe. Lastly, Acceptable Macronutrient
Distribution Ranges (AMDRs) specify ranges of macronutrients that are associated with reduced risk of chronic disease
[26]. The values were extracted from a table and placed into a database. Values are by age, gender, and for females can
differ based on pregnancy and lactation. Some values were not in the USDA DRI’s, and were addressed as follows:
Cholesterol, Trans fats and saturated fats do not need to be consumed [26], and so an Al value of 0 was added for each. It is
suggested that trans fats should constitute less than 1% daily caloric consumption [27], so an upper limit of 2 grams was
placed on this value (based on an 1800 calorie diet). No more than 10% of calories (20g for 1800 calorie diet) should be
from saturated fat, and no more than 300 mg of cholesterol should be consumed per day [28].

The resulting fuzzy sets are built dynamically from the database based on the age, gender, and child rearing status of the
user. As an example, Figure 3 shows the graphs representing the dietary needs of the 25 resulting nutrients for a 30 year old
male.
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Fig. 3 Example fuiiy Sets for the nutrients used in the system for fuzzy diet analysis

B. Output fuzzy sets & Fuzzy Rules

In a typical fuzzy controller, some process is being controlled through the means of fuzzy rules. In this case, the goal is to
increase the health of the user by driving them to eat more of certain nutrients and less of others. Therefore, the rules can
simply map “Excessive” onto the output action “Avoid” for each nutrient, and map “Inadequate” onto an output action “Eat
More”.

C. Food Recommendation

1) Crisp “Clustering” Method
Food recommendation can be performed using the level positioning method’s boundaries defined in [12]. This divided
foods into three groups per nutrient: Less than average, average, and greater than average. Foods with a fuzzy value of
“Eat More” were sought from the greater than average group for that nutrient, with an extra condition that the food must
also be in the less than average group for any nutrients with a fuzzy value of “Avoid”. If a search with this criterion comes
up empty, the inverse of the fuzzy value for “Avoid” is used as a weight multiplied by 10% of the range between the
maximum nutrient content of the less than average group. This is performed iteratively until a food is found, and in this
way the system presents the user with foods that satisfy the user’s nutrient needs, while also avoiding overconsumption of
unnecessary nutrients.

2) Fuzzy Comparison to Normal Diet
Food recommendations are also determined using an entirely fuzzy method, similar to that used in [13]. The nutrients
consumed are summed, and then each item in the database is added to this sum and compared to the DRI fuzzy sets, which
describe a healthy diet. The comparison is made between the aggregations of the fuzzy values for each of the nutrients. An
aggregation is performed by multiplying the fuzzy values by a weight that represents the importance of each nutrient and
then summing up these values. The food item with the maximum value is the best recommendation. Foods are
recommended iteratively until the maximum value of an iteration is less than the maximum value of the previous iteration.

VI. SYSTEM IMPLEMENTATION

The fuzzy system was implemented in python, based on the pyfuzzy library [30] to generate fuzzy sets and rules. The
system was integrated with a web-based PHP program known as “FitterLog”, which was previously developed by the
author as a diet tracking tool for his family. “FitterLog” has a database of over 1700 entered nutrition labels and a port of
the USDA SR23 database, which gives the nutritional values of over 7600 food items. Figures 4 and 5 show an example of
the FitterLog system without the fuzzy implementation:
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Fig. 4 Nutrient Graphs in “FitterLog”

Diet
CDTime Food Chol. Trans Fat Sat. Fat Fiber Labels Fat Protein Carbs Calories
@ 12:00 pm Daily Supplements (Tuly 18 2012 through ..)) (J serving) [ 01 0 15 0 o 13
@ 12:06 pm Spinach, raw (0.33 gram) (] 0 0.7 REWleafyNegetablel|0./3 0.94 12 759
© 12:08 pm mixed baby greens (0.4 gram) [ 0 0.8 o 04 i6 6
@ 12:08 pm Tomato Juice (.73 mL) [ 0 B 0 I75 175 T&75
@ 12:28 pm Psyllium Powder (3 grams) 135 0 0 Bl supplements 0 0 125 45
@ 142pm Green Tea (I | tea bag) - - - 0 o 0 0
& 245pm Frozen Greek Yogurt (1 Bar) 5 0 0 0 0 6 2 70
@ 2:39pm Fig Newtons (3 cookies) ] ] L] 3 Sweets 3 33 165
@ 5:15pm Tillian Michaels vanilla shake with banana and creatine (1 serving) 4927 0 082 2372484 4721 2028
@ 624 pm Cucumber, with peel, raw (0.8 gram) L] L] L] 04 008052 2% /¥
@ 7:12pm Fig Newtons (2 cookig) 1] 1] L] B Sweets 2 I 22 110

9.0436.96 150.91 812.14

Fig. 5 Consumed food data displayed in “FitterLog”

The fuzzy system interfaces with “FitterLog” in two ways:
1. Using JSON over HTTP to gather data from the system that describes the user’s age, weight, and gender. Also
gathers the total nutritional values of foods consumed on that day.
2. Using SQL queries for direct access to a normalized database of the USDA SR23 and custom nutritional labels
databases for nutritional content for recommended foods.
When a user logs a food item as eaten for a given day, “FitterLog” executes the python interpreter on the fuzzy system
source code, and new foods are recommended. Below is an example of the output from the fuzzy system, formatted for
display in “FitterLog’:

Fuzzy Recommendations

[EAT MORE:

it_b12 (1), fat (0.9). copper (0.89), phosphorus (0.88), potassium (0.73), protein (0.73), magnesium (0.65),

manganese (0.64). carbs (0.31). calcium (0.46). fiber (0.03). iron (0.02).

[eat] [BEEFVAR MEATS & BY-PRODUCTS LIVER CKDERSD [Hate It!] [Eat more vit_b12! (1}

[eat] [BEEFVAR MEATS & BY-PRODUCTS LIVER CKDERSD [Hate It!] [Eat more copper! (0.89)

[eat] [LEAVENING AGENTS BAKING FDR DOUBLE-ACTING STRAIGHT PO4 [Hate It!] [Eat more phosphorus! (0.88)
[eat] [PARSIEYFREEZE-DRIED [Hate It!] [Eat more p ium! (0.73)
[eat] [SOY PROT ISOLATE PROT TECHNOLOGIES INTERNATIONAL SUPRO [Hate It!] [Eat more protein! (0.73)
[eat] [PUMPKIN&SQUASH SD KRNLS DRIED [Hate It!] [Eat more magnesium! (0.65)
[eat] [TEAINST.UNSWTNDPDR DECAFFEINATED [Hate It!] [Eat more manganese! (0.64)
[eat] [Craisins [Hate It!] [Eat more carbs! (0.51)

[eat] [LEAVENING AGENTS BAKING PDF_DOUBLE-ACTINGNA AL SULFATE [Hate It!] [Eat more calcium! (0.46)
[eat] |CORN BRAN.CRUDE [Hate It!] [Eat more fiber! (0.03)

[eat] [SPICES THYME DRIED [Hate It!] [Eat more iron! (0.02)

Fig. 6 Fuzzy recommendations as displayed in “FitterLog”

The user may select the “[Hate it]” link next to a recommended food, and it will be replaced with another recommendation.
A user may also select the “[eat]” link, and mark the given food as eaten.

VII. RESULTS

The pre-existing “FitterLog” tool has features for marshaling crisp data back to the user. The raw data for micronutrients
from each food are accessible to the user (Fig 5) as well as the total nutrient for each day (Fig 4). Additionally, graphs
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representing which nutrients are necessary were tried (Fig 4). All of these data contained plentiful information that was
difficult for the user to prioritize. The fuzzy system reduces the problem to “Eat More” and “Avoid” nutrients, simplifying
the problem. Additionally, the fuzzy number itself is useful in prioritizing which nutrients are most needed, and also for
searching for foods that contain the “Eat More” nutrients and not the “Avoid” nutrients. After using the fuzzy system for
only a week, the users of “FitterLog” find dietary choices much easier than with the crisp information alone.

VIII. CONCLUSIONS & FUTURE WORK

Fuzzy logic is a very convenient tool for use in nutritional analysis, but does not appear to be leveraged well in most of

the past work. The current work shows simple ways in which fuzzy logic can be used to promote healthier intake of
nutrients though nutritional analysis and food suggestion. Initial comparison shows it is less complicated and more intuitive
to users than its crisp counterpart.
Future work could include adding resulting symptoms from vitamin deficiencies or excesses and implement a Type-2 fuzzy
ontology system that takes into account the uncertainty of this information based on the hierarchy of evidence. Symptoms
from nutrient excesses or deficiencies could operate as motivators to eat the recommended foods. It would also be pertinent
to evaluate the system’s effectiveness in a suitable population study.
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