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IBD TRIGGER FOODS
USING MACHINE LEARNING AND PYTHON



WHAT'S IBD?

* Inflammatory bowel disease (IBD) describes a
group of conditions, including Ulcerative Colitis

(UC) and Crohn’s disease (CD), impacting 1.6
million people in the US alone.

* Characterized by “gut” inflammation.

* Symptoms range from mild annoyances to life-
threatening issues (blockages, cancer).

* Autoimmune, caused by a combination of
genetic and environment factors.
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WHY IT'S PERSONAL TO ME?

*In February 2016 | was diagnosed with
Crohn’s disease... and 10 ulcers.

* Medication has me ulcer free, but not symptom
free.

* Certain foods can trigger flares lasting weeks.

* Trial and error to find safe foods is painful
and takes a long time.

Real ulcers are gross, so here’s some clipart:

You're welcome.




GOAL — WHAT CAN IBD
SUFFERERS EAT?

1) Sub-clusters of diet?

2) Relationships between individual foods or
groups of foods?

3) Nutrients that impact food tolerance?

4) Can food tolerance /intolerance be
predicted with a reasonable degree of
accuracy for an IBD sufferer with only a few
“known” safe /unsafe foods?




Diet Survey IBDrelief

a Your Condition

MATERIALS PP

e Meat, Poultry, Fish & Eggs

Move the slider to indicate how safe or unsafe you feel the food is for you. If you always
avoid the food (even in remission) then leave the slider at the left. If you always eat it

(even when you are having a flare) then move it to the far right. If you eat the food when
you are not having a flare, but would avoid it if you are, then place the slider in between

.Small dqiq sei: 670' 250_fo°d survey the two ends and where you feel is appropriate for you.
responses from IBD sufferers about food Beef
tolerances. 570 usable.

) Don't like/Not tried

*Nutrient information for each surveyed food
from the USDA's nutrient database API. -

*Python 3.6.1 and Jupyter Notebook

Pork

*Analysis: apyori, numpy, pandas, PyFIM,
scikit-learn, scipy, sqlite

The [online] survey utilizes a sliding scale to accept
answer inputs, which are stored as integer values in a
range from O through 10. A checkbox for each question
gives the option to not answer questions individually.

*Visualization: graphviz, matplotlib, seaborn




Check out Introduction to Data Mining by Tan,
Steinbach, and Kumar, Chapter 6 for an

introduction to the basic concepts (free online).




FP-GROWTH FOR THE
EFFICIENCY WIN

* Brute forcing FIM is exponential - O(2”n)
* FP-Growth is quadratic - O(n"*2)
1. [Iteratively] build compact data structure

2. [Recursively] extract frequent itemsets

* Downside: Complicated
* Many wrong implementations in Python

* Used PyFIM — some limitations, but accurate

Figure 12.1 An example FP-tree.
The FP-tree looks like a generic tree
with links connecting similar items.
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Check out Machine Learning in Action by Peter
Harrington, Chapters 11+12 for step-by-step fp-
growth code in Python.




1. Randomly split training
instancesinto training &
teging subsds

2 Train a ML
model on the
training subset

3. Make
predictions on
teding subset

4 Compare teding
predictionsto fteging
Target to accuracy




VALIDATION

Number of rules that apply: 75071

Uszable
Recommendations:53

Overall
FPossible
Eecommendations: 78

Tzer
Poszszible
Recommendations:68

Conflicting
Recommendations:15

Mizzed

Eecommendations: 10

Mizzed
Reconunendations: 10

Correct: 32

Incorrect: 3

New: 18

TUnreconciled
Contlictz:15

Accwracy: 91.42857142857143

Mizzed
Eecommendations: 10




RESULTS

* Recommendations at least 80%+ accurate,
usually 90%+

* Average 18-19 new recommendations pp.

* Commonly recommended foods: leeks, lettuce,
garlic, honeydew melon, cod, cantaloupe,
chicken eggs, basil, cucumber, white potatoes.

* Commonly conflicting foods: fruit, dairy,
cruciferous vegetables




THE FULL MODEL

v’ 888,926 rules generated

v' Rules for 74% of possible recommendations,
with >80% confidence

v Can eat rules: animals, ‘staple’
veges (carrots, cucumber, lettuce, tomato,
potato), white rice

3
g
:
3

150

v Can't eat rules: apple juice, coffee, cola, Support (Count

L] o
raisins Total Foods: 164 Rules for: 121 Conflicts for: 43 Up to 78 usable

v" Cut rules: not alcohol of various types




Consequent Antecedents Support (Count)  Confidence (%) Lift (x)
<lambda> min mean max min mean  max min
Almond [(Cashews, Bananas, Chicken) ... 80.00% 82.47%  91.30%
Apple [(Strawberries, Rice, White ... 80.00% 83.88%  97.83%
Apple Juice [(Cherries, Lemon, Raspbe ... 80.43% 80.43%  80.43%

Bananas [(Butter, Sweet Potato, C ... 80.00% 82.37% 93.88%

not Cola [(not Lemonade, Chicken), (not ... 80.00% 83.70%  90.28%

df.groupby ([ 'Consequent']).agg({'Antecedents’': lambda ante: list(ante),
'Support (Count)': ['min', 'mean', 'max'],
'Confidence (%)': ['min', 'mean', 'max'],
"Lift (x)': ['min', 'mean', 'max']
}).reset_index()




FUTURE WORK

* Update survey for recommendations

* Integrate live recommendation system into
the survey (with feedback and “learning”)

* Apply more advanced association
techniques, including hierarchical and
clustering

* Use my USDA nvutrient database tool to
identify relevant nutrients




THANK YOU!

ANDRA
STANCIU

Check out the full project

git.io/vhzD2
zaxrosenherg.com/blog




