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Abstract

The U.S. Partisanship and Presidential Approval Dataset contains more than 1.1 million survey
responses from 1948 to 2020 and is archived at the Roper Center for Public Opinion Research.
The data stem from work with our collaborators to combine hundreds of public opinion sur-
veys to generate “mega polls” to estimate public opinion in the U.S. states. This manuscript
details a mega poll that includes responses to questions about presidential approval and parti-
sanship as well as numerous demographic variables across nearly three-quarters of a century.
We detail our coding procedures, highlight shifting demographic and political patterns in the
U.S., explain seeming outliers in the data and the corresponding implications for survey re-
search over time, and we present a framework for researchers to add to the U.S. Partisanship
and Presidential Approval Dataset and receive citation credit.
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1 Data Summary

During the past decade, with our collaborators—Julianna Koch, Rebekah Jones, and Jonathon
Schuldt—we have combined data from hundreds of national public opinion surveys to generate
“mega polls” to estimate public opinion in the U.S. states. We use multi-level regression with
poststratification (MRP) with these mega polls to estimate state-level public opinion.1 We have
used this approach to generate the most accurate presidential election forecast in 2020 (Enns and
Lagodny, 2020b, 2021, 2020c), evidence of “hidden” Trump supporters in 2016 (Enns, Lagodny
and Schuldt, 2016, 2017), and over-time estimates of partisanship, political ideology, policy mood
(Enns and Koch, 2013a, 2015b, Lagodny et al., 2022b), and punitiveness in each state (Enns, 2016).
While we have archived replication data for this research (e.g., Enns and Koch (2013b, 2015a),
Lagodny et al. (2022a), Enns and Lagodny (2020a)), until now it has not been possible to make the
individual-level data from the mega polls available.

Most of the data we have used come from the Roper Center for Public Opinion Research at Cor-
nell University. To faciliate access to the data and to support research building on our past work,
we have archived a mega poll combining all presidential approval and partisanship data from the
Roper Center that we have analyzed. The mega poll is a single data file that includes more than
1.1 million survey responses to questions about presidential approval and partisanship, state of
residence, and demographic variables, from 1948 to 2020. All response categories have been stan-
dardized to facilitate analysis of the merged data. This manuscript details our coding procedures,
highlights shifting demographic and political patterns in the U.S., explains seeming outliers in the
data and the corresponding implications for survey research over time, and offers a framework
for researchers to add to the data and receive citation credit. Our hope is that others can use these
data to build on our past work and to better understand shifting public opinion and survey meth-
ods during the past seventy-plus years.

While these data have been crucial to our research, the mega poll will not produce an exact
replication of our past work. Due to data use restrictions, two of the data sources we used in
our state-level estimates (the General Social Survey (GSS) and Gallup Analytics) cannot be made
available at the individual level. While GSS data are available through the Roper Center, the GSS
considers the state of respondent to be sensitive data, so access to state identifiers in GSS data must
follow an approved data security protocol.2 We also obtained some Gallup data collected between
2000 and 2020 from Gallup Analytics. Historically, Gallup archived data with the Roper Center,
but in the 2000s started shifting toward only making Gallup data available through a Gallup Ana-
lytics subscription. Because of restrictions on data use associated with those data, we do not make
any of the individual-level data we obtained through Gallup Analytics available. Additionally, we
have not included data we obtained from the American National Election Studies (ANES). While
ANES data are publicly available and some ANES data are archived with the Roper Center, we
did not include data we obtained directly from the ANES in the mega poll archived with Roper.3

Because these data restrictions preclude exact replication of our previous estimates (again, the
previous estimates are publicly available, just not the underlying individual-level data), we de-

1For more on MRP, see, for example, Leemann and Wasserfallen (2017), Pacheco (2014), Lax and Phillips (2009),
Gelman and Little (1997).

2Researchers can apply for GSS data with state-level identifiers here: https://gss.norc.org/documents/
other/ObtainingGSSSensitiveDataFiles.pdf.

3ANESdatacanbeobtainedfrom:https://electionstudies.org/data-center
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cided to add data that were not available at the time of original publication to make the U.S.
Partisanship and Presidential Approval Dataset as useful to the research community as possible.
The result is a single data file based entirely on data available via the Roper Center. The data span
the years 1948 to 2020 and include more than 750 surveys and more than 1.1 million total observa-
tions. All data come from national adult samples obtained from Roper’s “Longstanding Methods
Collection,” which means early polls in the series were conducted via quota-based sampling and
all later polls were conducted via probability-based sampling methods.4

2 Variable Coding

The dataset includes 16 variables: Presidential Approval (two versions), Democrat, Republican,
Democrat or Republican, Age Categories, Age in Years, Education, Race, Gender, Year, State Num-
ber, State Name, State Initial, RoperID, and RoperDOI. Below, we describe each of these variables
and how we standardized the variables across years.

Presidential approval

Each of the surveys asked a version of the question: ”Do you approve or disapprove of the way
[Name of President] is handling his job as president?” (Exact question wording for all surveys
can be obtained from the Roper Center by using the RoperID or RoperDOI variables described
below.) Although “approve” and “disapprove” were response options during the entire period
of analysis, other responses have changed over time and across survey organizations. For exam-
ple, some early polls allowed respondents to indicate “both” (i.e., approve and disapprove of the
president). The coding of “don’t know,” “no opinion,” “neither,” as well as missing responses
and refusals also varied across time and polling companies. We used two coding strategies to
address these differences across surveys. First, we generated a three-category variable named
pres approve3. All responses indicating “approve” of the president are coded as 1. All re-
sponses indicating “disapprove” are coded as 2. Responses indicating “don’t know” or “no opin-
ion” are coded as 3. All other responses (e.g., “both,” “neither,” or “refuse”) occurred infrequently
and were impossible to standardize so are coded as -99 (missing).

An important consideration with this coding is that the frequency of “don’t know” responses
varies depending how the question was asked. For example, some surveys offer “don’t know”
as an actual response option while others only record “don’t know” if the respondent offers that
response unprompted. Thus, percent approve or disapprove may change slightly due to varia-
tions across surveys and time due to shifts in how “don’t know” was treated. To address this
consideration, we generated a second approval variable named pres approve2. This variable
is dichotomous and has the value 1 if the respondent approves of the president and the value 0
if they indicated disapprove. All other responses are recoded to missing (-99). This coding al-
lows researchers to calculate approval out of responses that indicated approval or disapproval of
the president. If a survey did not ask about presidential approval (but asked about partisanship,
which is also included in the mega poll), values are coded as “.” for both presidential approval
variables. Table 1 details the coding of these two variables.

4The Roper Center also maintains a collection of survey data based on “Recently Developed Methods.” For more
on the two collections, see: https://ropercenter.cornell.edu/why-two-collections.
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Table 1: Presidential Approval Variable Coding

Variable Names &
Numeric Values

Response pres approve3 pres approve2
approve 1 1

disapprove 2 0
don’t know 3 -99

both, refused, other, missing -99 -99
not asked . .

Partisanship

The surveys in our data typically asked about partisan identity as follows, “In politics, as of to-
day, do you consider yourself a Republican, a Democrat, or (an) Independent?” All response
options in all years included Democrat and Republican. However, in some earlier polls the ques-
tion asked “or another party” instead of “independent”. In addition, sometimes “refusals” and
“don’t knows” were coded separately while other times they were both coded as missing or
“N/A”. Given these subtle differences across surveys, as with presidential approval we took two
approaches to standardize partisanship. The variables democrat and republican code the re-
sponse as 1 if the respondent indicated Democrat or Republican, respectively. These variables are
coded as 0 if the respondent indicated the opposite party (i.e., Democrat or Republican, respec-
tively), or they indicated Independent, identify with another party, or don’t know. If the resondent
did not answer the question or the response was coded “N/A” we assigned the value -99.

Our second approach created the variable dem rep, which is a dichotomous variable that
codes Democrats as a 1 and Republicans as a 0. The respondents who neither identified as
Democrats nor Republicans, those who indicated “don’t know”, or those who did not provide
a response are coded as “-99” (missing). This variable allows easy calculation of the proportion of
Democrats (or Republicans) out of those identifying with one of the two major parties. If a survey
did not ask about partisanship, values are coded as “.” for both variables. Full coding details for
the partisanship variables appear in Table 2.

Table 2: Partisanship Variable Coding

Variable Names &
Numeric Values

Variable Value democrat republican dem rep
Democrat 1 0 1

Republican 0 1 0
Independent, Progressive Party,

other party, don’t know 0 0 -99
N/A, missing -99 -99 -99

not asked . . .
Note: In some cases, “don’t know” responses could not be differentiated
from missing in the survey data.
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Age, Education, Race and Gender

The data only include respondents who were older than 18 years at the time of the interview. Most
surveys asked some version of “What is your age?” In some cases, surveys asked respondents in
what year they were born and we computed age based on the year of the survey minus the year
they were born. The variable (age cat) codes age as follows: 18-29 (=1), 30-44 (=2), 45-64(=3),
and over 65 (=4). We also included the respondents’ actual (age) when possible (some surveys
only indicated the age group respondents belong to). Researchers can use the (age) variable
to create their own age categories for many polls. The values 98 or 99 correspond to “98 [99] or
older” which leads to some clustering at these ages. In addition, some polls coded missing values
as 99. In these cases, we re-coded 99 as “N/A” (-99).

For educational attainment, the surveys typically asked about education with a question such
as: “What is the last grade or class that you completed in school?” We recoded education levels
into the variable (edu cat) as follows: No high school degree (=1), High school degree (=2),
Some college education (=3), College degree or more (=4). Some college also includes vocational
training or technical degrees. College degree includes post-graduate studies.

The surveys in our data assessed respondent race in multiple ways. Early, face-to-face inter-
views, often instructed the survey interviewer to record the respondent race based on appearance.
Response categories often included “white” or “non-white” or “white” or “colored” or “negro.”5

Later in-person surveys included additional options like “mixed” or “non-white Hispanics.” Most
later surveys in our data asked respondents their race with questions like, “What is your race?,”
“Are you white, black, or some other race?,” or “Are you white, African-American, or some other
race?” To harmonize the categories back to 1948 the variable race includes two race categories
until 1960 (white =1, non-white=2). From 1960 onward we include three race categories (1=white,
2=African-American, 3=Other). This categorization certainly over-simplifies the many aspects of
race and racial self-identification, but reflects the constraints and biases of coding and response
options in early surveys.6

In most face-to-face interviews the gender of the respondent was coded by the interviewer.
Most telephone and probability-based online-based surveys asked explicitly, “What is your Gen-
der?” The variable female codes female=1, male=0. Current survey best practices ask about
gender in a more inclusive way (Amaya, Vogels and Brown, 2020), but with our goal of harmoniz-
ing responses across historical data, we followed the coding conventions of most of the surveys in
the mega poll. Table 3 summarizes the demographic variable coding described above. As noted
previously, we have provided the RoperID or RoperDOI for every survey in the dataset, so re-
searchers can easily download codebooks and original data if they want to analyze the data in
different ways.

5As one example, a 1962 Gallup poll conducted via face-to-face interview asked the interviewer to check one of the
following options: “check whether: A) White, Man B) White, Woman C) Negro, Man D) Negro, Woman E) Other, Man
F) Other Woman.”

6See “Research Black American Public Opinion” (https://ropercenter.cornell.edu/
researching-black-american-public-opinion) for more on limitations and biases in early opinion polls.
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Table 3: Demographic Variable Coding

Age Category Education Category Race Female
(age cat) (edu cat) (race) (female)
18-30 (1) No HS degree (1) white (1) female (1)
31-45 (2) HS degree (2) black (2) male (0)
45-65 (3) Some college (3) other (3)

over 65 (4) College degree or more (4)
Note: age equals respondent age at time of survey. As detailed in
the text, race coding differs before and after 1960.

State and Year

The data identify each respondent’s state of residence (or Washington D.C.) with three different
variables: state name, state num, and state initial. These variables and the number and
proportion of responses in each state are summarized in Table 4. Alaska has the fewest respon-
dents with 586. California has the most with 108,653. No state is available for just over 1 percent
of respondents.

The variable year indicates the year the survey was conducted. Figure 1 plots the number of
observations in each year. 2018 and 2019 have the fewest observations (1,754 and 2,006 respec-
tively). This, in part, reflects the shift toward non-probability surveys in recent years, particularly
in non-election years (recall that we relied exclusively on the Roper Center’s Longstanding Meth-
ods Collection). As noted above, our published research includes many more observations, par-
ticularly in recent years from Gallup Analytics, the GSS, and the ANES, that we were not able to
include in this mega poll. Nevertheless, the mean and median number of responses were 15,155
and 15,994 and 66 of the 73 years have more than 10,000 survey responses, highlighting the ex-
tremely large sample throughout most years of the mega poll.
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Table 4: State Variable Information

state name state num state initial Number of Percent of
Responses Responses

Alaska 1 AK 586 0.05
Alabama 2 AL 16,083 1.4
Arkansas 3 AR 12,163 1.06
Arizona 4 AZ 13,103 1.14
California 5 CA 108,653 9.47
Colorado 6 CO 17,612 1.53
Connecticut 7 CT 13,057 1.14
D.C. 8 DC 3,294 0.29
Delaware 9 DE 3,845 0.34
Florida 10 FL 46,068 4.02
Georgia 11 GA 30,719 2.68
Hawaii 12 HI 2,000 0.17
Iowa 13 IA 17,871 1.56
Idaho 14 ID 5,546 0.48
Illinois 15 IL 54,262 4.73
Indiana 16 IN 29,614 2.58
Kansas 17 KS 12,911 1.13
Kentucky 18 KY 16,996 1.48
Louisiana 19 LA 14,928 1.3
Massachusetts 20 MA 32,443 2.83
Maryland 21 MD 22,775 1.98
Maine 22 ME 6,383 0.56
Michigan 23 MI 42,779 3.73
Minnesota 24 MN 22,445 1.96
Missouri 25 MO 25,015 2.18
Mississippi 26 MS 12,828 1.12
Montana 27 MT 5,001 0.44
North Carolina 28 NC 31,369 2.73
North Dakota 29 ND 3,269 0.28
Nebraska 30 NE 11,337 0.99
New Hampshire 31 NH 4,671 0.41
New Jersey 32 NJ 34,268 2.99
New Mexico 33 NM 6,079 0.53
Nevada 34 NV 4,477 0.39
New York 35 NY 92,090 8.03
Ohio 36 OH 54,707 4.77
Oklahoma 37 OK 13,087 1.14
Oregon 38 OR 15,413 1.34
Pennsylvania 39 PA 66,451 5.79
Rhode Island 40 RI 4,907 0.43
South Carolina 41 SC 15,224 1.33
South Dakota 42 SD 4,200 0.37
Tennessee 43 TN 23,661 2.06
Texas 44 TX 61,436 5.35
Utah 45 UT 8,407 0.73
Virginia 46 VA 28,762 2.51
Vermont 47 VT 3,669 0.32
Washington 48 WA 23,564 2.05
Wisconsin 49 WI 26,605 2.32
West Virginia 50 WV 9,625 0.84
Wyoming 51 WY 2,218 0.19
N/A . 8,916 0.78
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Figure 1: Number of Observations per Year

Roper Identifiers

The RoperID variable is a unique identifier that links the data in this data set to the original iden-
tifier in the Roper Center iPoll search. Just copy + paste the number into the Roper iPoll search
to find the original data set (https://ropercenter.cornell.edu/ipoll/). To download the original
data and information you or your institution need to be an active member of the Roper Cen-
ter (https://ropercenter.cornell.edu/membership/become-member). The RoperDOI variable is
based on the RoperID variable but in addition it includes the Digital Object Identifier (DOI) infor-
mation. The DOI directly links the data to the original data set in the Roper Center data base with-
out having to first use the iPoll search. Roper membership is still required, but this feature can help
researchers to download the original data more rapidly using the ropercenter package devel-
oped by Fred Solt: https://cran.r-project.org/web/packages/ropercenter/vignettes/ropercenter-
vignette.html.
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3 70 Years of Shifting Demographic and Political Patterns in the U.S.

In order to highlight historical patterns and important considerations related to shifts in survey
methods, in this section we plot some of the variables described above for each year of data. Each
dot in the following figures reflects a different survey. All data are unweighted.7

Figure 2 plots the proportion approving of the president (pres approve2) from 1948 to 2020.
Although substantial within-year and year-to-year variation exists, for most of the period of anal-
ysis we see high approval levels at the start of presidential administrations consistent with the
“honeymoon” effect (Mueller, 1970), the “rally around the flag” effect following the September
11, 2001 terrorist attacks, and recent patterns of consistently lower levels of presidential approval
ratings reflecting much more rigid partisanship in the U.S. electorate.
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Figure 2: Proportion Approving of the President, 1948 to 2020

Figure 3 plots a version of Macropartisanship (MacKuen, Erikson and Stimson, 1989). We see
the expected increase in Democratic support ushering in the liberal sixties, as well as evidence of
thermostatic responsiveness, particularly in the 1960s and 1970s (Wlezien, 1995).

7Figure 4 (Age) excludes a 2012 oversample of 18-29 year-olds (31096111) and Figure 6 (Race) excludes five surveys
that oversample African Americans (310887178, 31088150, 31088209, 31088258, and 31095683). These oversamples did
not pose a problem for the MRP estimates we generated in our other research because the MRP process re-weights the
data to match state population benchmarks.
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Figure 3: Proportion of Democrats (out of Democrats and Republicans), 1948 to 2020

Figure 4 shows the distribution of the age categorical variable over time (age cat). Two pat-
terns stand out. First, in most years the proportion of each age group is relatively similar across
surveys (i.e., the dots are clustered closely together), though there appears to be more variation
across surveys in recent years. We discuss this recent increase in variation across surveys below.
Second, we see an uptick across time in the proportion of adults age 65 and older, reflecting the
increasing dominance of the baby boomer generation in the data.
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Figure 4: Proportion of Adults Aged 18-29, 30-44, 45-64, and 65 and older, 1948 to 2020

Figure 5 plots the distribution of education over time (edu cat), showing that educational
attainment has increased substantially since the 1960s. As with age, different surveys tend to
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estimate relatively similar levels of educational attainment each year, with slightly more variation
in recent years. 1996 also appears to have an anomalous amount of variation across surveys.
This variation in 1996 comes primarily from two types of Gallup surveys (Gallup presidential
popularity polls, which were much shorter, and other Gallup polls).

0

.2

.4

.6

.8

1

P
ro

p
o

rt
io

n
 w

it
h
 N

o
 H

ig
h

 S
c
h
o
o

l 
D

e
g
re

e

1948 1952 1956 1960 1964 1968 1972 1976 1980 1984 1988 1992 1996 2000 2004 2008 2012 2016 2020

0

.2

.4

.6

.8

1

P
ro

p
o

rt
io

n
 w

it
h

 a
 H

ig
h
 S

c
h
o
o
l 
D

e
g

re
e

1948 1952 1956 1960 1964 1968 1972 1976 1980 1984 1988 1992 1996 2000 2004 2008 2012 2016 2020

0

.2

.4

.6

.8

1

P
ro

p
o
rt

io
n
 w

it
h
 S

o
m

e
 C

o
lle

g
e
 E

d
u
c
a
ti
o
n

1948 1952 1956 1960 1964 1968 1972 1976 1980 1984 1988 1992 1996 2000 2004 2008 2012 2016 2020

0

.2

.4

.6

.8

1

P
ro

p
o
rt

io
n
 w

it
h
 a

 C
o
lle

g
e
 D

e
g
re

e

1948 1952 1956 1960 1964 1968 1972 1976 1980 1984 1988 1992 1996 2000 2004 2008 2012 2016 2020

Figure 5: Proportion of Population with Various Education Levels, 1948 to 2020

Figure 6 shows the distribution of categories in the race variable over time. The right panel
shows that prior to 1960 we were not able to code any category besides white or black. This
“other” category has increased steadily in size since the 1960s. As noted above, these categories
represent vast oversimplifications of race, but nevertheless offer insight into how surveys have
coded race and ethnicity over time as well as how these broad categories have changed in size. We
again see substantial variation in 2020 polls. We offer a preliminary investigation of this variation
across surveys in the discussion of gender below.
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Figure 6: Proportion of white, black, and “other” respondents, 1948-2020
(Note: Prior to 1960, only two categories were available: white and non-white.)

We present the proportion of male and female respondents based on the variable female by
year in Figure 7. Although some variation exists across surveys (which, for the most part, is not
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surprising due to sampling error), the share of respondents identifying as female hovers around
0.5 (50%) as expected throughout the entire period of analysis. As with the figures above, however,
we do see increased variance across surveys over time with especially notable variance in 2020. It
is possible that the increased variance in the proportion female across surveys reflects increased
challenges facing probability-based survey methods (Enns and Rothschild, 2021).
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Figure 7: Proportion Female, 1948-2020

To better understand the wide range of demographic patterns in 2020 data, Table 5 displays
more detailed information from each of the 13 surveys from 2020.We see the unweighted percent
of women in 2020 surveys ranges from 42.1% to 70.4%. This range extends well beyond the margin
of sampling error we would expect from probability-based surveys. While this variation does not
negatively impact our state estimates based on the data (since we used MRP to re-weight the data
to state-level benchmarks), we were surprised that probability-based surveys struggled so much
to obtain representative samples of men and women. Table 5 also shows that four of the surveys
allowed additional responses beyond male or female, but these do not account for the errors. The
column at the far right of the table reports absolute error calculated as the absolute difference
between the percent of women in the sample and the percent of women according to the census.
Accuracy varies across sample methods and survey organization, though in the NORC surveys
women were consistently overrepresented.
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Table 5: Assessment of Error in 2020 Surveys in our Data

RoperID Survey Sample Method N Men Women Other Refused Absolute
Organization Error

31117409 NORC Probability based panel 1,056 29.6% 70.4% 20.9%
31117488 NORC Probability based panel 1,310 40.2% 59.9% 10.4%
31117492 SSRS RDD (cell + landline) 1,296 57.6% 42.1% 0.2% 7.1%
31117330 NORC Probability based panel 1,057 43.8% 56.2% 6.7%
31117260 Langer Res. Assoc. RDD (cell + landline) 1,003 56.0% 44.0% 5.5%
31117209 SSRS RDD (cell + landline) 1,207 54.6% 45.2% 0.3% 4.1%
31117494 Ipsos Probability-based panel 727 53.7% 46.4% 3.2%
31117566 Langer Res. Assoc. RDD (cell + landline) 1,006 53.5% 46.5% 3.0%
31117584 SSRS RDD (cell + landline) 1,313 51.8% 48.0% 0.1% 0.2% 1.3%
31117413 SSRS RDD (cell + landline) 1,189 51.3% 48.3% 0.1% 0.3% 0.8%
31117460 Ipsos Probability-based panel 706 51.2% 48.8% 0.7%
31117477 Ipsos Probability-based panel 686 50.0% 50.0% 0.5%

Note: Absolute Error based on the absolute difference in percent female between the sample and census estimates (https:
//www.census.gov/quickfacts/fact/table/US/RHI725221). Rows may not sum to 100% due to rounding. SSRS
samples included an oversample of prepaid (pay-as-you-go) telephone numbers to try to reach a more representative sample.
SSRS Survey 31117584 also included an oversample of 101 parents of children ages 5 to 17, though we have no reason to expect
these parents to be disproportionately male or female.

4 Adding to this data

Although we have merged more than 750 surveys to generate a dataset with more than 1.1 million
survey responses, there are many other surveys in the Roper Center archive that could be merged
with this dataset. As time passes, more surveys from recent years will become available through
the Roper Center. Additionally, researchers may wish to merge datasets from Roper’s Recently
Developed Methods Collection. We encourage researchers to continue to add data and variables
from other surveys to this mega poll. If you do, please send the updated data to the Roper Center
with the following information:

1. The version number of this dataset that you added to.

2. The name, email, and institution of the individuals who should get citation credit.

3. A pdf document with any notes related to the data you added.

Each time the dataset is updated, the Roper Center will add the names of the new contributors in
alphabetical order to the citation and will update the version number of the data.
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