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BSTRACT
esearch during the last several decades indicates the fail-
re of existing nutritional labels to substantially improve
he healthfulness of consumers’ food/beverage choices. The
resent study aims to fill this void by developing a nutrition
etric that is more comprehensible to the average shopper.
he healthfulness ratings of 205 sample foods/beverages by

eading nutrition experts formed the basis for a linear re-
ression that places weights on 12 nutritional components
ie, total fat, saturated fat, cholesterol, sodium, total carbo-
ydrate, dietary fiber, sugars, protein, vitamin A, vitamin
, calcium, and iron) to predict the average healthfulness

ating that experts would give to any food/beverage. Major
enefits of the model include its basis in expert judgment,
ts straightforward application, the flexibility of transform-
ng its output ratings to any linear scale, and its ease of
nterpretation. This metric serves the purpose of distilling
xpert knowledge into a form usable by consumers so that
hey are empowered to make more healthful decisions.

Am Diet Assoc. 2009;109:1088-1091.

espite an increased standard of living in many de-
veloped countries, health problems attributable to
poor nutrition persist, in part, because of consum-

rs’ inability to translate the dietary advice of nutrition
xperts into behavioral change. Citing the improvement
f public health as a primary objective, numerous studies
ave highlighted the need for a nutritional scoring sys-
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em that is both comprehensive in its coverage of prod-
cts and easily understood by consumers (1-5). The
resent research advances this objective by proposing a
utrition metric that reflects the current views of leading
xperts and can be used to score any food/beverage for
hich several component nutrient quantities are known.
Regulatory efforts to improve nutritional labeling have

ad relatively little effect on individuals who were not
lready motivated to eat more healthfully (6,7). The com-
lexity of processing nutritional information limits the
nfluence of point-of-purchase labeling (8), especially in
ast-food settings (9) or when many options are available
10). It is often difficult for consumers to interpret a
ood/beverage’s contribution to overall diet (11) and to
ake into consideration the presence of favorable nutri-
nts, given the tendency to focus disproportionately on
voiding negative components (6,12,13). Furthermore,
romotional efforts of manufacturers can mislead con-
umers about what is healthful (1,14,15), and can even
xacerbate negative behaviors (16).
Nevertheless, there are indications that nutritional la-

eling has potential to assist consumers in making more
ealthful choices. For instance, direct comparability of
utrient information across options induces more advan-
ageous product selections (13,17), and nutrition labeling
chemes are more effective when adapted to a target
udience or when they employ simple messages promot-
ng taste as well as healthfulness (18). Given specific
ehavioral recommendations, subsequent decision mak-
ng is evaluated more favorably according to both con-
umers’ own judgments and expert standards (19). Al-
hough marketers will likely continue to tout the
ealthfulness of their products regardless of true nutri-
ional value, unbiased information can influence consum-
rs’ beliefs independently of these claims (20,21), and
onsumer misperceptions can be mitigated by greater
nderstanding of nutritional components (22).
Several recent studies have developed more detailed

uidelines for effective nutritional labeling. Padberg (3)
nds a large degree of consensus among experts and calls
or an expert rating system that appropriately weights
arious nutrient factors to summarize any item’s nutri-
ional value as part of a daily diet. Toward this end,
ijman and colleagues (2) characterize foods/beverages
ased on their levels of four unhealthful components
trans fat, saturated fat, sugar, and sodium), the generic
enchmark levels of which have been established by sci-
ntific evidence. However, the final product nutrition
core fails to take into consideration the presence of fa-
orable nutrients that also affect healthfulness.
Perhaps the most thorough attempt at outlining desir-
ble features of a nutritional profiling system is provided
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y Scarborough and colleagues (5), who advocate “a sys-
ematic, transparent and logical process” to categorize
oods by nutritional composition. Scarborough and col-
eagues (23) evaluated each of eight existing nutrient
rofile models by the correlation of their ratings with
ealthfulness categorizations by food and nutrition pro-
essionals. The present research builds upon the premise
hat expert assessments are, in some sense, the most
omprehensive embodiment of current scientific knowl-
dge, and goes one step further by actually employing
xpert ratings to generate a nutrition metric.

ETHODS
his study involved surveying US nutrition experts about
he healthfulness of sample food/beverage products, esti-
ating the regression equation that best predicts expert

atings from the nutrient information on a Nutrition Facts
abel, and finally analyzing the applicability of this model to
ating the healthfulness of products outside the initial sam-
le. All procedures were reviewed and exempted by the
arvard Business School Institutional Review Board.

ood/Beverage Sample
large online grocer provided a database containing

utritional information for �15,000 unique food/beverage
tems. Also listed in the database were the 205 categories
sed by the grocer to classify items and the unit sales of
ach item in 2005. In order to create a sample represen-
ative of the items that consumers consume most regu-
arly, but also covering a range of food/beverage types, the

ost frequently purchased item in each category was
elected to comprise a sample of 205 foods/beverages for
xperts to rate. For each of these items, any nutritional
nformation missing from the database was collected by
esearching similar items online (24,25).

xpert Sample
articipation in the survey was requested of 57 leading
utrition experts belonging to three groups widely recog-
ized for their expertise in nutrition: chairs of the top
hree schools of public health nutrition departments (ie,
arvard University, John Hopkins University, and the
niversity of North Carolina); directors of the eight US
linical Nutrition Research and Human Nutrition Cen-

ers; and directors of the 46 Coordinated Programs in
ietetics with accredited status from the American Die-

etic Association. These experts—all of whom hold doc-
oral degrees in related fields—were each offered $250 for
heir consultancy, which required them to complete a
-hour Web survey. The overall response rate was 23%
13 experts), and no repeated solicitation was undertaken
o include others because of strong correlation among
hese respondents.

ata Collection
he survey asked experts to rate the healthfulness of
ach of the 205 sample foods/beverages when consumed
n the recommended serving size. The item name was
isplayed along with a picture of the item and a typical

utrition Facts label. The label listed serving size, serv- e
ngs per container, calories per serving, calories from fat
er serving, and the amount per serving of the following
2 components: total fat, saturated fat, cholesterol, so-
ium, total carbohydrate, dietary fiber, sugars, protein,
itamin A, vitamin C, calcium, and iron.
Experts rated each of the 205 items on an 11-point

cale from �5 (“very unhealthy”) to 5 (“very healthy”). For
ach of the 13 experts surveyed, an ordinary least squares
egression was run to predict their ratings for the 205
ample foods/beverages using the 12 nutritional compo-
ents listed on a Nutrition Facts label. For components
ypically shown in both absolute amount and percentage
f daily value on a Nutrition Facts label, only the absolute
mounts were included to avoid redundancy. Similarly,
calories per serving” and “calories from fat” were ex-
luded because they can be calculated directly from fat,
arbohydrates, protein, and alcohol (which was absent
rom the foods/beverages in our sample).

ata Analysis
ach expert’s linear model was used to predict ratings for

he remaining 9,393 database items for which the 12
redictor variables were available. To measure similarity
f the 13 experts’ models for healthfulness, Cronbach’s �
as computed across both their original sample ratings
nd across their model predictions for other items in the
atabase. Cronbach’s � is a measure of inter-rater reli-
bility, and values approaching 1 suggest that raters
ave similar “representations” of the underlying con-
truct (here, healthfulness).
Next, a single linear model was generated to predict

he average expert opinion about the healthfulness of a
iven food/beverage, with the 12 nutritional components
n each product’s Nutrition Facts label as predictor vari-
bles. As for the individual expert models, this model was
sed to predict average expert ratings for the other 9,393
oods/beverages in the database.

ESULTS AND DISCUSSION
he 13 regression models resulting from individual ex-
erts’ survey responses indicate the implicit weighting
laced on each nutritional component, accounting for a
onsiderable amount of variance in sample ratings (aver-
ge r2 of 0.48; average adjusted r2 of 0.45). Indicating a
igh level of similarity between experts, Cronbach’s �
as .95 across their original sample ratings and .98
cross their models’ predictions for the other 9,393 items
n the database. One can infer that the variation left
nexplained by each rater’s model was caused not by a

arge rating error, but rather by the exclusion of predictor
ariables that affect the healthfulness of foods/beverages
imilarly for all experts. This suggests that the Nutrition
acts label might be missing important components that
xperts agree affect healthfulness. Despite limiting pre-
ictor variables to those available on a Nutrition Facts
abel, high levels of correlation across experts’ judgments
ustify generation of a single linear model to predict the
verage expert opinion about the healthfulness of a given
ood/beverage.

To generate such a model, the 13 expert ratings for

ach food/beverage were first averaged. Across the 205
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ample items, the average rating had a mean of 0.30 and
standard deviation of 2.2 on the �5 to 5 scale. Table 1

hows results of a regression model (using robust stan-
ard errors to allow for heteroscedasticity) to predict
hese average expert ratings for a food/beverage based on
he 12 nutritional predictors. To summarize, the pre-
icted average rating that experts would give to a food/
everage based on its nutritional components (to three
ignificant digits) is:

.710�0.0538�total_fat�0.423�saturated_fat�0.00398�
cholesterol�0.00254�sodium�0.0300�total_carbohydrate
�0.561�fiber�0.0245�sugar�0.123�protein�0.00562�
vitamin_A�0.0137�vitamin_C�0.0685�calcium�
0.0186�iron

Measurement units are specified in Table 1.
The model’s r2 of 0.626 suggests that it captures almost

wo thirds of the variance in experts’ average ratings of
oods/beverages, justifying use of the model to predict the
verage rating that would be given by experts to the other
,393 foods/beverages in our database. The 10 highest
nd 10 lowest average predictions across items within a
roduct category are shown in Table 2. To illustrate the
sefulness of comparison within a single category, the 10
ighest and 10 lowest predictions for items classified
nder “All Other Salty Snacks” are shown in Table 3.

ONCLUSIONS
lthough the valence of impact that most nutrients have
n the healthfulness of a food/beverage might be common
nowledge even to lay consumers, the contribution of the
odel outlined in Table 1 is the assignment of a magni-

ude weighting to each nutritional component. This al-

Table 1. Model for predicting food/beverage healthiness based on
12 nutritional variables, derived by regressing average expert
healthiness ratings (on an 11-point scale from �5�“very un-
healthy” to 5�“very healthy”) on these 12 predictor variables for
205 sample foods/beverages

Predictor variables Coefficient

(Intercept) 0.710*** (0.207)
Total fat (g) �0.0538 (0.0414)
Saturated fat (g) �0.423*** (0.0944)
Cholesterol (mg) �0.00398 (0.00330)
Sodium (mg) �0.00254*** (0.000445)
Total carbohydrate (g) �0.0300** (0.0110)
Fiber (g) 0.561*** (0.109)
Sugar (g) �0.0245 (0.0190)
Protein (g) 0.123*** (0.0222)
Vitamin A (%DVa) 0.00562* (0.00234)
Vitamin C (%DV) 0.0137*** (0.00399)
Calcium (%DV) 0.0685*** (0.0137)
Iron (%DV) �0.0186 (0.0186)

aPercentage daily value.
*P�0.05.
**P�0.01.
***P�0.001.
ows for isolation of each component’s separate impact S

090 June 2009 Volume 109 Number 6
ithout compromising the ability to summarize their
ombined impact in a single metric. Indeed, the model
emonstrates that some nutritional components have
ubstantial positive effects on a food’s healthfulness,
hile others have substantial negative effects, implying

hat previous models focusing solely on one or the other
ave omitted critical information that experts take into
ccount. While there was a necessary tradeoff between
he explanatory power of the present model and its par-
imony in predictor variables, it arguably encompasses
he most important inputs to the professional judgments
f nutrition experts.
This metric for rating healthfulness meets many of the

riteria described in the literature, yet widely lacking
rom prior research. First, the present approach did not
equire experts to explicitly assign numerical valuations
o different nutrients because their ratings for a broad
ample of foods/beverages captured implicit judgments
bout the impact of different nutrients. Second, the deci-
ion to generate a model of healthfulness based on aver-
ge expert ratings was validated by a high level of agree-
ent across individual expert models, and the resulting

redictions for average expert rating can be used to com-
are nutritional values of foods/beverages either across or
ithin product categories. Lastly, the model’s predictions

all along a single linear spectrum, and can be easily
ransformed to any continuous distribution or discrete
ategorization that is deemed optimal for effectively con-
eying information to consumers in a particular context.
There are several possible applications for the model.

Table 2. Average model predictions (more negative numbers indi-
cating greater unhealthiness and more positive numbers indicating
greater healthiness) across items within product categories having
the 10 highest average predictions and the 10 lowest average
predictions

Category name
Average predicted rating
within category

Dried beans (generic) 7.87
Natural supplements 7.86
Citrus (fresh) 3.68
Instant breakfast 3.67
Nutritional foods/beverage 3.37
Skim milk 3.35
Diet aids 3.34
Spinach (fresh) 3.26
Organic fruits (fresh) 3.26
Berries (fresh) 3.17
Beef (frozen) �2.26
Cakes (fresh) �2.29
Candy chocolate �2.40
All other frozen breakfast �2.46
Butter �2.56
Sausage (fresh) �2.70
Hot dogs/sausage/brats �2.84
Pies (fresh) �2.86
All other fresh bakery �3.53
Premade lunch packs �3.65
imilar to the work of Scarborough and colleagues (23),
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ts predicted ratings could be correlated with those of lay
onsumers or those produced by other metrics to deter-
ine whether the latter reflect the knowledge of experts

n their nutrient weightings. More importantly, the
odel can be used to generate healthfulness ratings that

re displayed alongside food/beverage labels, allowing
onsumers to make more informed choices about which
roducts to purchase and consume. One limitation,
hough, is the model’s inability to determine combina-
ions of foods/beverages that comprise a well-balanced
verall diet because it rates each item in isolation. It can
rove most useful to consumers choosing between similar
tems within the same category. To this end, future stud-
es will test the extent to which outputs of the model help
onsumers make decisions more closely aligned with rec-
mmendations of nutrition experts.

TATEMENT OF POTENTIAL CONFLICT OF INTEREST:
o potential conflict of interest was reported by the au-

Table 3. Model predictions (more negative numbers indicating
greater unhealthiness and more positive numbers indicating greater
healthiness) for items having the 10 highest predictions and the 10
lowest predictions in the category “All Other Salty Snacks”

Food in the “all other salty snacks” category
Predicted
rating

Guiltless Gourmet Guiltless Carbs Chips Three
Peppera 2.97

Guiltless Gourmet Guiltless Carbs Chips
Southwestern Rancha 2.84

Guiltless Gourmet Guiltless Carbs Chips Salsa
Verdea 2.84

Snyder’s of Hanover EatSmart Soy Teins
Parmesan, Garlic & Olive Oilb 2.29

Snyder’s of Hanover EatSmart Soy Teins
Tomato, Romano & Olive Oilb 2.24

Glenny’s Soy Crisps Barbeque Low Fatc 1.96
Glenny’s Soy Crispy Wispys White Cheddarc 1.65
Glenny’s Soy Crisps Light Low Fat Saltedc 1.51
Calbee Snack Salad Snapea Crisps Originald 1.25
Calbee Snack Salad Snapea Crisps Caesard 1.16
Osem Bissli Snacks Barbecuee �0.99
Osem Bissli Snacks Tacoe �1.00
Osem Bissli Snacks Smokeye �1.27
Osem Bissli Snacks Pizzae �1.28
French’s Potato Sticks Originalf �1.59
Slim Jim Smoked Snacks Spicy, 15 ctg �2.55
Slim Jim Smoked Snacks Mild, 15 ctg �2.55
Jays O-KE-DOKE Corn Puffsh �2.61
Slim Jim Smoked Snacks Spicy, 5 ctg �4.09
Slim Jim Smoked Snacks Mild, 5 ctg �4.09

aR.A.B. Food Group, LLC, Secaucus, NJ.
bSnyder’s of Hanover, Hanover, PA.
cGlenny’s, Freeport, NY.
dCalbee America, Inc, Fairfield, CA.
eOsem, Tel-Aviv, Israel.
fReckitt Benckiser, Inc, Parsippany, NJ.
gConAgra Foods, Inc, Omaha, NE.
hJays, Chicago, IL.
hors.
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