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GOAL
Understanding associations between

words and nutritional values to come up
with new models and to improve practical
applications effectiveness.

DATA SET: ALLRECIPES.COM

• the largest English-language
on-line cooking platform

• 58 thousand recipes
• 4,679 unique words occur-

ring in titles at least 2 times
• 7 nutrient facts: kilocalories,

fat, carbohydrates, proteins,
sugars, sodium, cholesterol
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Correlations between recipe
nutrients.
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MODEL
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K number of topics
D number of documents (recipes)
F number of outputs (nutrients)
V number of unique words
Vd number of words in document (recipe) d
θ the multinomial distribution of topics for recipe d
ϕ word distributions for topics
z topic assignment for word w in document d
w observed word from document d
fid observed i-th nutrient for document (recipe) d
βi i-th nutrient vector of topic weights
βi
0 i-th nutrient bias
si i-th nutrient standard deviation

LDA with built-in multi-output linear regression extension.

APPLICATION 1: RECIPE TOPICS IDENTIFICATION

pizza
beef

sandwich

bean

chili

soup
turkey

casserol

slow easi

cooker
lasagna

stuf
ham

pork

sausag

ch
ic

ke
n

salad
peanut

chocol

butter
dip

sa
uc cooki

bread

bean

to
m

at
o

chicken

rice
soup

salad

potato

ea
si

bake

roast
pork

chees

pork
pie

pasta
grill

beef
stuf

turkey

shrimp

salmon
sa

nd
w

ic
h

sa
uc

bake

casserol

chees

salad

roast

chicken

st
ra

w
be

rr
i

bread

cheesecak

butter
pud

cream

cake
bar

chocol

pumpkin
pie banana

potato sweet

appl

  kcal

fat

carbo

proteins

sugar

sodium

cholesterol   kcal

fat

carbo

proteins

sugar

sodium

cholesterol   kcal

fat

carbo

proteins

sugar

sodium

cholesterol   kcal

fat

carbo

proteins

sugar

sodium

cholesterol   kcal

fat

carbo

proteins

sugar

sodium

cholesterol

topic 1 topic 2 topic 3 topic 4 topic 5

0.00
0.25
0.50
0.75
1.00

re
la

tiv
e 

w
ei

gh
t

sign
−
+

red
pork
salad

potato

sweet
slowbake

bean
roast

soup beef

salmon

green

grill

black

ch
op

spici

sauc

chili
smoothi
spiceal

m
on

d

cranberri

raisin

best

peach

pancak

salsa

orang

cinnamon

mango

banana

m
uf

fin

sauc

ch
er

ri

pud

chocol
cooki

strawberri

carrot
pasta

bacon

soup

fr
ui

t

broccoli

creami

tomato

chees
eggha

m

spinach

salad

dip potato
pasta

garlic

mushroom

zucchini

pepper

bake

stuf

style

rice
fri

pizza

beef
chicken

turkey

ea
si

sa
us

ag

sauc
italianstewbread

peanut
pumpkin

cream
caramelii

cheesecak
coconut

cake

chip
pineappl

iceco
ok

i

oatmeal
lemon

pecan

pieappl
iii

bar

butter chocol

  kcal

fat

carbo

proteins

sugar

sodium

cholesterol   kcal

fat

carbo

proteins

sugar

sodium

cholesterol   kcal

fat

carbo

proteins

sugar

sodium

cholesterol   kcal

fat

carbo

proteins

sugar

sodium

cholesterol   kcal

fat

carbo

proteins

sugar

sodium

cholesterol

topic 1 topic 2 topic 3 topic 4 topic 5

0.25
0.50
0.75
1.00

re
la

tiv
e 

w
ei

gh
t

sign
−
+

Comparison of topics found by standard LDA (bottom) and our model (top).

APPLICATION 2: NUTRITIONAL VALUES PREDICTION
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Prediction improvement when additional
outputs values are included.

CONTRIBUTIONS

(i) a study of a large-scale online food
community in terms of relations between nu-
tritional values and textual descriptions

(ii) the introduction of a new topic model
combining text with several outputs (nutri-
ent facts)

(iii) an evaluation of efficacy in discover-
ing recipe topics and predicting nutritional
values

MODEL INCENTIVES

• nutritional values strongly correlate
• similar words are associated with all nu-

trient facts

EVALUATION

Two practical applications:

1. Recipe topics identification (clustering):

• our model vs. LDA+LM, 5 topics
• more consistent weights (e.g., all posi-

tive/negative) of nutritional values
• more focused (e.g., less mixing) topics

2. Prediction of nutritional values from text

• our model vs. LDA+LM and LDA+GBT
• SHARED - representation shared be-

tween all outputs
• SEP - separate model for each of outputs
• O1 - one of the nutrients is known
• X1 - all but one nutrient are known
• i-th output error [%]:

sMAPEi =
2
|test|

∑
d∈test

|fid− ˆfid|
|fid|+| ˆfid|
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