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7.0 Nominal DVs
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Level of measurement
1. S.S. Stevens (1946) introduced terms nominal and ordinal
a. Nominal scales have numbers assigned to categories as labels with no
ordering implied by the numbers
b. Ordinal scales have numbers indicating rank ordering on one attribute
2. Hotly debated and critiqued when it was proposed, his taxonomy is now firmly
established
3. Ordinal models assume his definition of ordinal for the DV (and more)
4. Nominal models do not make assumptions about the relationship among
categories of the DV*

*But see the discussion of the IIA assumption at end of these notes
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The bias-efficiency trade-off
regress y x1 x2 x3
regress y x1
regress y x1 x2 x3 x4

//
//
//

true model
bias
inefficiency

Effects of assuming wrong level of measurement

Model Choice
(Assumed Level of
DV for Analysis)

Nominal
Ordinal
Continuous

True Level of DV
Nominal
Ordinal
Continuous*
Ideal
Inefficient
Inefficient
Biased
Ideal
Inefficient
Biased
Biased
Ideal

*I am not distinguishing between interval and ratio variables here

1. If outcome is ordinal and model is nominal, it is inefficient, but often safe choice
a. The only way to be sure an ordinal model fits the data is to examine a nominal
model for the same DV
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Multinomial logit as an extension of binary logit
1. Example: Political views at different ages
a. Data: GSS 2010 – 2016
Binary Example #1:
DV: Identify as “conservative = 1” or “not conservative = 0”
IV: Age
Controls: Gender, race, education, income, employment status, marital status,
parental status
Binary Example #2:
DV: Identify as “not conservative = 1” or “conservative = 0”
IV: Age
Controls: Gender, race, education, income, employment status, marital status,
parental status
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The models are identical. Choice of how to code DV is arbitrary
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Binary logit model with new notation
1. Usually we think of binary logit as modeling Pr(y = 1)
a. An equivalent way to present the model is the Pr(y = A) vs Pr(y = B)
i. A = 1 and B = 0
2. The logit model is linear in the logit for outcome A versus B
𝑙𝑛 [

Pr(𝑦 = 𝐴 | 𝐱)
] = 𝛽0,𝐴|𝐵 + 𝛽𝑥1 ,𝐴|𝐵 𝑥1,𝑖 + ⋯ + + 𝛽𝑥𝑘,𝐴|𝐵 𝑥𝑘,𝑖
Pr(𝑦 = 𝐵 | 𝐱)

3. Exponentiated coefficients represent the multiplicative effect of a one-unit increase
in xk on the odds of outcome A vs B
4. We can obtain predicted probabilities of category A and B with:
Pr(𝑦 = 𝐴 | 𝐱) =

𝑒𝑥𝑝(𝐱 𝐢 𝛃)
1 + 𝑒𝑥𝑝(𝐱 𝐢 𝛃)

Pr(𝑦 = 𝐵 | 𝐱) = 1 − Pr(𝑦 = 𝐴 | 𝐱)
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Multinomial logit as an extension of binary logit
1. Multinomial logit is no more complicated than binary logit
a. The recommended methods of interpretation are the same:
i. Marginal effects (especially AMEs)
ii. Plots of predicted probabilities
b. The limitations/problems with coefficients and odds ratios from binary logit
apply equally to multinomial logit
2. Multinomial logit requires examining more effects at once
a. For binary logit, we have two categories of the DV but we usually only report
Pr(y = 1) to avoid redundancy
b. For multinomial logit, you have as many predicted probabilities and MEs as
you have DV categories. E.g. Pr(y = A), Pr(y = B), Pr(y = C)
i. E.g. If there are five outcome categories, there are five MEs for each
independent variable
3. Summarizing—and simplifying for your readers—the overall patterns of effects
is key to effectively interpret and present multinomial logit models
a. This can be cumbersome and difficult to do well as there can be lots of
effects to consider for a single model
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7.1 Multinomial Logit Model
1. The multinomial logit model simultaneously estimates binary logit models for all
comparisons among outcome categories (e.g. A vs B, A vs C, B vs C)
2. Model estimation is complicated by large number of parameters
a. With 5 outcomes, there are 10 binary logits
b. With 10 outcomes, there are 45 binary logits
i. This leads to a lot of coefficient estimates
3. In terms of coefficients, there are many contrasts that could be tested and
interpreted
a. However, coefficients are limited in ways discussed in the binary model, and in
more ways in the nominal model
4. In terms of marginal effects, there are only as many marginal effects (MEs) as there
are categories of your DV
a. With 5 outcomes, there are 5 MEs for each IV
b. With 10 outcomes, there are 10 MEs for each IV
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Multinomial logit with three outcomes
Categories L, M, and C with nL, nM, and nC observations in each category

polviews3 -- Political View Categories
-------------------------------------------------------------------|
Freq.
Percent
Valid
Cum.
-----------------------+-------------------------------------------Valid
1 Liberal
|
1620
30.33
30.33
30.33
2 Moderate
|
2024
37.89
37.89
68.21
3 Conservative |
1698
31.79
31.79
100.00
Total
|
5342
100.00
100.00
--------------------------------------------------------------------
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Multinomial logit is a set of binary logits that are
simultaneously estimated
1. L vs M using nL + nM observations
a. 𝑙𝑛 [

Pr(𝐿 |𝐱 𝒊 )
]
Pr(𝑀 |𝐱 𝒊 )

= 𝛽0,𝐿|𝑀 + 𝛽𝑋,𝐿|𝑀 𝐱 𝒊

b. Where xi is standing in for any IVs / control variables in the model
2. M vs C using nM + nC observations
Pr(𝑀 |𝐱 )

a. 𝑙𝑛 [ Pr(𝐶 |𝐱 𝒊) ] = 𝛽0,𝑀|𝐶 + 𝛽𝑋,𝑀|𝐶 𝐱 𝒊
𝒊

3. L vs C using nL + nC observations
Pr(𝐿 |𝐱 )

a. 𝑙𝑛 [Pr(𝐶 |𝐱𝒊 )] = 𝛽0,𝐿|𝐶 + 𝛽𝑋,𝐿|𝐶 𝐱 𝒊
𝒊
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Minimal sets of coefficient estimates
1. Because of mathematical links among odds, some coefficients are "extra"
a. 𝛽𝐿|𝑀 = 𝛽𝐿|𝐶 + 𝛽𝐶|𝑀
b. From any two of L/M, L/C, and C/M, you can compute the third
2. With J outcome categories you only need J-1 comparisons/sets of coefficients
3. Each set of J-1 comparisons is a minimal set
4. Different software computes different minimal sets
5. For example, on following page are the mlogit coefficients in Stata for the IV age
(DV is three category political views)
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Minimal sets for 3 category MNLM
mlogit (N=5342): Factor change in the odds of polviews3
Variable: age (sd=14.077)
-----------------------------------------------------------------------------|
b
z
P>|z|
e^b
e^bStdX
-----------------------------+-----------------------------------------------Liberal
vs Moderate
|
0.0042
1.587
0.113
1.004
1.061
Liberal
vs Conservative |
-0.0086
-3.117
0.002
0.991
0.887
Moderate
vs Liberal
|
-0.0042
-1.587
0.113
0.996
0.942
Moderate
vs Conservative |
-0.0128
-4.910
0.000
0.987
0.835
Conservative vs Liberal
|
0.0086
3.117
0.002
1.009
1.128
Conservative vs Moderate
|
0.0128
4.910
0.000
1.013
1.197
------------------------------------------------------------------------------

1. Notice links among log-odds coefficients (column “b”):
(1L|3M)

=

(1L|2C)

+

(2C|3M)

0.0042

=

-0.0086

+

0.0128

2. Multinomial logit forces these constraints to hold when estimating the model
3. Further, notice redundancies in possible contrasts to examine. E.g.
L|M
=
0.0042
M|L
=
– 0.0042
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7.2 Predicted Probabilities
1. Although tests of the coefficients are valid to test for overall effects or for combining
categories, I do not suggest relying on the coefficients to understand your model
a. Coefficients are limited as a measure of effect size (just as in binary logit)
b. Coefficients are not independently identified and thus cannot be compared
across models
c. There are an overwhelming and highly redundant number of coefficients to
consider
2. Marginal effects and predicted probabilities are more satisfying, less problematic,
and simpler ways to understand the models

07 – Nominal Models

Page 32

Predicted probabilities in multinomial logit
1. We motivated multinomial logit as a set of binary logits
2. 𝐱 i 𝛃 is in log-odds, e.g. Log(PrA/PrB)
3. We can solve the equations in terms of predicted probabilities
4. If y has J total categories 1 to J, let 𝜂 be the prediction of interest for a specific
category j: Pr(𝑦 = 𝑗 | 𝐱) which is the predicted probability of category j given
certain values of x
𝜂 = Pr(𝑦 = 𝑗) =

exp(𝐱 𝑖 𝛃𝑗|𝐽 )
∑𝐽𝑗=1 exp(𝐱 𝑖 𝛃𝑗|𝐽 )

This is the probability of a given category j, out of all categories 1 through J
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Predicted probabilities of each category
5. Because one category (let’s assume category 1 for simplicity) was omitted as the
base its 𝐱 i 𝛃 will sum to zero (all coefficients are constrained to be zero)
a. We know exp(0) = 1. So the predicted probability of the base category (1
here):
1
𝜂 = Pr(𝑦 = 1) =
1 + ∑𝐽𝑗=2 exp(𝐱 𝑖 𝛃𝑗|𝐽 )
6. For all other categories that are not the base, e.g. for category 2:
𝜂 = Pr(𝑦 = 2) =

exp(𝐱 𝑖 𝛃2|𝐽 )
1 + ∑𝐽𝑗=2 exp(𝐱 𝑖 𝛃𝑗|𝐽 )

7. Predicted probabilities and marginal effects in multinomial logit are interpreted as
the probability of category j out of all possible categories
a. Numerator is probability of category j
b. Denominator is the sum of the probability of all categories
8. You get the same predicted probabilities regardless of the base/reference category
you use in the estimation of the model
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Plots of predicted probabilities
1. Plots—while always recommended—are especially helpful with multiple outcome
categories
2. As nominal models produce multiple prediction lines, including CIs can sometimes
make the plot impossible to read
a. Try the plot with and without CIs and present the one that conveys the
information most clearly
3. Always include a legend so the reader knows which line is for which DV category
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The plot is very useful to give an overall picture of the effect of age; however, you
should always supplement the plot with more concrete tests (e.g. AMEs)
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7.3 Marginal Effects
1. The interpretation of a marginal effect in multinomial logit is all but identical to
the interpretation in binary logit/probit:
MEM: The change in Pr(y = j | x) for a change in xk of δ, holding other control
variables at their means
AME: On average, the change in Pr(y = j | x) for a change in xk of δ
2. Decisions about where to hold the control variables follow the same logic as before
(at their mean for MEM; average over predictions made at observed values for AME;
or at specific values of interest [e.g. for an ideal type])
3. Decisions about the size of δ to use are the same
a. An instantaneous change (first derivative)
b. A finite change, AKA a discrete change
i. Can be any amount, e.g. one unit, SD, etc.
ii. I find discrete changes most useful
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Marginal effects at the mean (MEM)
1. Formulas for MEMs and AMEs are identical to before in linear and binary models.
Only the formula for 𝜂 has changed (we use the formulas above)

̅)
2. For the MEM, we hold the control variables (𝐱 −𝑘 ) at their means (𝐱
𝑀𝐸𝑀 =

𝜂(𝑥𝑘 = 𝑒𝑛𝑑, 𝐱−𝑘 = 𝐱̅ ) − 𝜂(𝑥𝑘 = 𝑠𝑡𝑎𝑟𝑡, 𝐱−𝑘 = 𝐱̅ )

3. E.g. For a binary variable (e.g. woman):
𝑀𝐸𝑀𝑏𝑖𝑛𝑎𝑟𝑦 =

𝜂(𝑥𝑘 = 1, 𝐱−𝑘 = 𝐱̅ ) − 𝜂(𝑥𝑘 = 0, 𝐱−𝑘 = 𝐱̅ )

4. E.g. For a continuous variable (e.g. age) could compare predictions at the mean and
at the mean + SD:
𝑀𝐸𝑀𝑐𝑜𝑛𝑡𝑖𝑛𝑢𝑜𝑢𝑠 =

𝜂(𝑥𝑘 = 𝑥̅ 𝑘 + 𝑆𝐷, 𝐱−𝑘 = 𝐱̅ ) − 𝜂(𝑥𝑘 = 𝑥̅ 𝑘 , 𝐱−𝑘 = 𝐱̅ )

5. Because control variables were held at the sample means, can interpret MEM as
effect “for the average person” in the data or someone “average on all other variables
included in the model”
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Average marginal effects (AMEs)
1. For an AME, we first compute a marginal effect for each observation in the data
with the control variables held at their observed values for that specific observation
(𝐱 −𝑘,𝑖 ):
𝑀𝐸𝑖 =

𝜂(𝑥𝑘 = 𝑒𝑛𝑑𝑖 , 𝐱−𝑘 = 𝐱−𝑘,𝑖 ) − 𝜂(𝑥𝑘 = 𝑠𝑡𝑎𝑟𝑡𝑖 , 𝐱−𝑘 = 𝐱−𝑘,𝑖 )

2. The average marginal effect (AME) averages these effects over all observations in
the data:
𝑁

1
𝐴𝑀𝐸 = ∑ { 𝜂(𝑥𝑘 = 𝑒𝑛𝑑𝑖 , 𝐱−𝑘 = 𝐱−𝑘,𝑖 ) − 𝜂(𝑥𝑘 = 𝑠𝑡𝑎𝑟𝑡𝑖 , 𝐱−𝑘 = 𝐱−𝑘,𝑖 ) }
𝑁
𝑖=1

3. Thus, the AME is interpreted as the effect “on average” in the data
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Average marginal effects (AMEs): Age
mlogit

polviews3 c.age i.woman i.race i.college ///
i.married i.parent c.income i.employed

mchange age, amount(sd)
|
Liberal
Moderate Conserv~e
-------------+--------------------------------age
|
+SD |
-0.005
-0.027
0.033
p-value |
0.422
0.000
0.000

On average, a standard deviation increase in age (about 14 years) is associated
with a 0.033 higher probability of identifying as conservative. A standard deviation
increase in age, in contrast, leads to a 0.027 lower probability of identifying as
moderate. Age has no effect on the probability of identifying as liberal
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mchange income, amount(sd)
|
Liberal
Moderate Conserv~e
-------------+--------------------------------income
|
+SD |
-0.007
-0.017
0.025
p-value |
0.297
0.028
0.001
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Average marginal effects (AMEs) for binary IVs
mchange college
|
Liberal
Moderate Conserv~e
---------------------------------+--------------------------------college
|
College Degree vs No Col Degree |
0.153
-0.137
-0.016
p-value |
0.000
0.000
0.267

Those with college degrees have a 0.153 higher probability of identifying as liberal
(compared to those without college degrees). In contrast, college educated
individuals are less likely to identify as moderate ( = -0.137). There is no difference
in the probability of identifying as conservative or not based on college degree
completion
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Plots of marginal effects for binary IVs
1. An alternative to plotting the predictions for each category of a binary/nominal
IV is to plot the marginal effect for that variable (e.g. college: 1 vs 0)
a. Note this is the difference between each set of two bars on the prior page
i. Pro: Half as many bars to plot; Has information on significance test of
the effect of interest
ii. Con: Less intuitive to many readers—needs more explanation
2. Make sure to always include a subtitle( ) or a note( ) on these plots to
help readers interpret the direction of the effects
a. Note that if the college binary was instead a nocollege binary with reverse
coding than all of the effects would be reversed on the following plots
i. Notes and subtitles help readers interpret and follow your results
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