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Ethnographic Decision Models with Qualitative Data

A Thoroughly Mixed Method1

Gery W. Ryan and H. Russell Bernard

Introduction: Definition

Ethnographic decision models (EDMs) are a multimethod 
approach that predicts episodic behaviors, like choos-
ing among alternative treatments during illness (Ryan and 
Martinez 1996) or deciding whether to evacuate during a 
hurricane (Gladwin et al. 2001). EDMs are based on a deep 
understanding of the cultural rules and nuances that people 
use to make decisions. As an approach, EDM consists of an 
ordered, rigorous set of data collection and analysis tech-
niques. To start, researchers use semi-structured interviews to 
collect qualitative data on people’s decision-making process 
and then use qualitative methods to identify decision criteria. 
Next, researchers develop and administer a survey instru-
ment to collect more structured—i.e., quantitative—data on 
people’s actual choices and the circumstances under which 
they made those choices. These survey data are used to build 
an ethnographically grounded decision model that anticipates 
or accounts for the decision outcomes. Constructing the initial 
model can be done by building from one case to another—
a thoroughly qualitative approach—or it can be done using 
machine learning—a quantitatively intensive approach 
(Murthy 1998; Zhang 2016). Finally, researchers test the 
accuracy of the model quantitatively, with a new sample, by 
estimating the degree to which it predicts the reported actual 
outcomes at or better than chance and qualitatively by test-
ing its content validity (e.g., to what degree does the model 
conform to how participants describe their own decision pro-
cesses). Because EDM inherently relies on both qualitative 
and quantitative approaches, it is classified in this book as an 
“Inherently” Mixed Analysis Approach.

When Use of EDMs Is Appropriate in MMR

EDMs are used when a researcher wants to understand indi-
vidual decision-making processes leading to outcomes of 
interest. Any recurring decision—to buy or not buy a com-
puter; to use (or demand the use of) a condom during sex; 
to stay home sick from work or not—can be modeled with 
the EDM method. As with any binary outcome, yes–no deci-
sions can be modeled and tested with logistic regression and 

there are computer programs for modeling decisions, but cru-
cially, ethnographic decision models illuminate how choices 
are made from the perspective of those making those choices. 
To generate and test EDMs, researchers use a multi-staged 
approach to combine many of the exploratory data collection 
and preliminary model building techniques used in grounded 
theory (Corbin and Strauss 2015; Glaser and Strauss 1967) 
with the confirmatory and validating techniques used in clas-
sic content analysis (Krippendorf 2013). Typically, EDMs 
are built and tested on small, ethnographic samples of inter-
views with 20–60 people with one sample being used to build 
the model and another independent sample used to test the 
model. Even with such small samples, EDMs typically predict 
80%–90% of all outcomes and do better than what would be 
predicted by chance.

Overall, EDMs predict aggregate, group decision making, 
but with the appropriate ethnographic data, EDMs can also 
tell us about the rationales behind the 10%–20% of errors in a 
model. (More on this later.)

Ethnographic decision trees have a long history in the 
social sciences. Early EDMs were used to examine how 
farmers decided what to plant (Barlett 1980; Gladwin 
1976, 1983, 1989b); how fish sellers set prices (Quinn 
1978), how fisherman decided where to fish (Gatewood 
1983); and how laypeople decided what to do when they 
or their children get sick (Mathews and Hill 1990; Young 
1980). For more early examples, see Gladwin (1989a), Hill 
(1998), and Bernard et al. (2017).

The method of ethnographic decision tree modeling was 
made accessible in a landmark book by Christina Gladwin 
(1989a). Since then, the method has been applied to many 
kinds of choices. In addition to studies of illness decisions 
(Montbriand 1995; Ryan and Martínez 1996; Weller et al. 
1997), researchers have used EDMs to explain: whether Navajo 
mothers breast-feed or use formula (Bauer and Wright 1996); 
when farmers in New Zealand use organic or conventional 
agricultural methods (Fairweather 1999); under what cir-
cumstances Houston’s intravenous drug users decide to share 
needles or not (Johnson and Williams 1993); the decision to 
evacuate or not in the face of hurricanes (Gladwin et al. 2001); 
and how clinicians make outpatient referrals for patients with 
substance abuse (Breslin et al. 2000).
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More recently, EDMs have been used to describe whether 
or not to use a telecenter for entrepreneurial endeavors in 
Jamaica (Bailey and Ngwenyama 2013); how injured farm-
workers make treatment timing choices (Thierry et al. 2015); 
whether women in rural Bangladesh give birth at a medical 
facility or at home (Edmonds 2010); and farmers’ decisions in 
Uzbekistan to adopt agroforestry (Djalilov et al. 2016).

Technical Outline of EDMs for MMR:  
How to Build EDMs

Christina Gladwin (1989a) laid out five steps for building and 
testing EDMs: (1) select a specific behavioral choice to model; 
(2) elicit decision criteria from a purposive or convenience 
sample of respondents; (3) elaborate and verify the decision 
criteria on a purposive, heterogeneous sample of informants; 
(4) use the ethnographic data from Step 1 and the survey 
data from Step 2 to build a hierarchical decision model; and 
finally, (5) test the model on an independent and, if possible, 
representative sample from the same population. We (Ryan 
and Bernard 2006) added a sixth step in our study of people’s 
decisions to recycle (or not) the last aluminum beverage can 
they had in their hand: (6) validate the model with responses 
from people about why they acted as they did. (For other clear 
descriptions of the steps, see Ryan and Martínez [1996], Hill 
[1998], and Beck [2005].)

Step 1 Selecting a Behavioral Choice to Investigate

The first step to building EMDs is for the researcher to identify 
the key decision to be explored and what alternatives are avail-
able. Fort (2011), for example, modeled whether people living 
in a protected forest reserve in southern Malawi decided to pro-
duce charcoal, an illegal livelihood activity; and Mwangi and 
Brown (2015) used the EDM approach to understand whether 
or not small and medium enterprises in Kenya decided to reg-
ister for mobile banking services.

EDMs are not limited, however, to binary decisions. EDMs 
can also be used to predict choices among different alterna-
tives. Oh and Park (2004) built models to predict whether 
cancer patients used hospital-only treatments or hospital-
plus-alternative therapies. In a classic study, Young and Garro 
(1994) modeled how laypeople in a small rural town in Mexico 
decided among four treatment modalities: home treatments, 
treatment by folk curers (i.e., curanderas), treatment by local, 
unlicensed biomedical practitioners (i.e., practicantes), and 
treatment by a certified doctor.

Nor are EDMs limited to static descriptions. Following the 
lead of Young and Garro (1994), Ryan and Martínez (1996) 
modeled which of seven treatment alternatives (teas, carbon-
ated beverages, rice water, sugar–salt solutions [SSS], pills, 
physical manipulations, and Western medical personnel) peo-
ple living in San José, Mexico, used when their children had 
diarrhea. In addition to predicting whether a mother would use 
or not use each of treatment modalities, the Ryan–Martínez 
model also predicted which treatments mothers would use 
first, second, third, and fourth. In another example, Keshavarz 
and Karami (2014) built and tested three separate models to 

predict which of multiple coping mechanisms farmers in India 
would use when responding to initial, middle, and end stages 
of a prolonged drought.

Step 2 Eliciting the Decision Criteria

The second step is to identify the decision criteria that might 
influence individual choices. The objective is to elicit as many 
reasons as possible for why people make the choices that they 
do and to begin to understand how the criteria interact with 
each other to influence choices. Success in this step is deter-
mined by both the data elicitation techniques used as well as 
by who is selected to be interviewed.

There is no “correct” way to elicit decision criteria. Instead, 
researchers have used a variety of techniques, including 
informal interviews (Young and Garro 1994), in-depth eth-
nographic interviews (Shuk et al. 2012), more formal semi-
structured interviews (Beck 2000), free listing tasks (Weller 
et al. 2016), paired comparisons (Keshavarz and Karami 2014 
Young and Garro 1994), hypothetical scenarios (Roberts 
2000), and participant observation (Bailey and Ngwenyama 
2013; Beck 2000). Some elicitation protocols emphasize ask-
ing informants hypothetical questions such as “Why do people 
do or not do X?” while others ask about real past events, such 
as “The last time you had to choose between X and Y, what did 
you do and why?”

Most researchers use combinations of techniques to comple-
ment the strengths and offset the weaknesses of each particu-
lar method. For example, in Young and Garro’s (1994) study 
in Mexico, they began with ethnographic fieldwork and had 
opportunities to observe how illness episodes unfolded. Then, 
in addition to informal talks and interviews, they used struc-
tured interview protocols including frame substitution, where 
they asked about the relationships between a set of propositions 
(Can you use X to cure A? Can you use X to cure B?) and a 
set of illnesses. They also used paired comparisons where they 
asked informants to compare pairs of treatment alternatives to 
each other (Is A better than B for curing X? For curing Y?).

From this combination of elicitation techniques, Young and 
Garro identified four criteria that consistently arose as impor-
tant considerations in the choice of treatment: (1) illness grav-
ity; (2) whether an appropriate home remedy was known; (3) 
faith in the effectiveness of the treatment for a given illness; 
and (4) expense of treatment and the availability of resources. 
For more on frame substitution and paired comparison tech-
niques, see Weller and Romney (1988) and Borgatti (1994, 
1999). For essential interviewing tips, see Spradley (1979), 
Becker (2008), and Bernard (2017).

To understand how Indian farmers coped with drought, 
Keshavarz and Karami (2014) conducted in-depth ethno-
graphic interviews. They asked farmers to tell them how 
they had responded to the recent drought and recorded what 
the farmers did and the order in which they did it during the 
initial, middle, and end stages of the drought. To ensure that 
they didn’t miss anything, they used a checklist of the drought 
management strategies they had compiled earlier to identify 
behaviors the farmers might have forgotten to mention. After 
collecting all the behaviors, they asked the farmers to explain 
why they decided to use particular strategies. They also used 

BK-TandF-ONWUEGBUZIE_9781138305267-200548-Chp16.indd   174 17/01/21   2:50 PM



175Ethnographic Decision Models

the paired comparison technique and asked under what cir-
cumstances the farmers would prefer one drought manage-
ment strategy over another.

To elicit decision criteria from clinicians about whether 
to refer a patient to a substance abuse program, Breslin et al. 
(2000) conducted semi-structured interviews, but used a 
combination of hypothetical and real scenarios. They began 
by asking participants to explain in general the guidelines 
they use to make these choices. Next, they asked participants 
to think about a patient that they had recently referred to 
Program A and to describe (without identifying the patient) 
why they decided this particular program was appropriate. 
Then they asked participants to think about a patient that they 
had recently referred to Program B and to describe the factors 
that lead to that referral decision.

To identify how first-degree relatives of melanoma survi-
vors made decisions about sun-protection behaviors, Shuk et al. 
(2012) conducted in-home, ethnographic interviews with 25 
participants. In addition to observing the setting in which 
participants were making decisions, interviewers also asked 
participants to recall two separate recent sun-exposure periods 
when they were outdoors for an hour or more. For each sun-
exposure event, they asked participants to report on whether 
they (1) used sunscreen; (2) sought shade; (3) put on a hat; and 
(4) used sun-protective clothing. They also asked participants 
to describe the event, including the outdoor activity and set-
ting, who else was present, weather conditions, time of day, 
and the length of time they spent outdoors. Next, they asked 
informants for the reasons they used sun protection and rea-
sons they did not use sun protection. Finally, they asked each 
person to answer a set of demographic questions. They used 
the information from the interviews to construct four meta 
decision-tree models (one for each sun-protection behavior).

Data collection at this point can also be broken into stages. 
Roberts (2000), for example, used a two-stage approach to elicit 
the factors that elder Jewish women in North Carolina who 
lived independently considered most significant when consider-
ing end-of-life decisions. Roberts first conducted unstructured 
and semi-structured qualitative interviews with a convenience 
sample of adults in their 50s. From these interviews, she identi-
fied six key conditions associated with end-of-life choices: (1) 
differing degrees of pain; (2) whether there was a cure for the 
disease; (3) reliance on others; (4) mental abilities; (5) finan-
cial burden worries; and (6) alternative living situations. She 
then used combinations of conditions to develop seven hypo-
thetical scenarios that would be presented to older women. For 
instance, one scenario described a person living “in a nursing 
home with severe loss of intellectual functions and memory 
(i.e., Alzheimer’s Disease) thus were totally reliant on others 
with no known cure with fairly-well controlled pain and no 
worry about being a financial burden” (Roberts 2000: 130).

In the second stage, Roberts conducted semi-structured inter-
views with a new sample of 13 Jewish women—nine women in 
their 50s, four women in their 70s, and one woman in her 90s. 
For each of the seven scenarios she had identified in the first 
stage, Roberts asked these 13 women whether they would (1) 
use aggressive treatment and life support measures; (2) not use 
aggressive treatment and life support measures (passive eutha-
nasia); or (3) terminate one’s life (active euthanasia). Roberts 

recorded each nominal response. Each scenario generated a 
lot of discussion (two–four hours), which Roberts audio-taped 
and transcribed verbatim. From these interviews, Roberts used 
the quantitative data from the responses to the scenarios, as 
well as the qualitative data from the discussions to identify 
pain and financial worries as being the most important condi-
tions affecting whether women would choose euthanasia.

Empirical Demonstration of EDMs for MMR

For our study of whether to recycle cans, we asked 21 infor-
mants in North Dakota and Florida the following: (1) Think 
about the last time you had a can of something to drink in 
your hand-soda, juice, water, beer, whatever. When was that? 
(2) What did you do with the can when you were done? And 
(3) Why did you [didn’t you] recycle? The first question gen-
erated a qualitative answer that we could dichotomize into 
“Recycled” or “Didn’t Recycle.” The second question gener-
ated a response that we could quantify into “Number of Days 
Ago.” And the last question usually generated a short qualita-
tive justification for their behavior. Recent literature on non-
probability sampling shows that 20–60 knowledgeable people 
are enough to uncover and understand core themes for a topic 
(Francis et al. 2010; Fugard and Potts 2015; Guest et al. 2006, 
2017; Hagaman and Wutich 2017; Mason 2010; Morgan et al. 
2002; Morse 1989; Sandelowski 1995; Weller et al. 2018).

We reached saturation (few new rationales mentioned for 
recycling or not). Table 16.1 shows the list of 27 reasons we 
retrieved for recycling and the 13 we retrieved for not cycling. 
Some people surely reported having recycled when they 
hadn’t, but this doesn’t affect the building of a preliminary 
model since good ethnographic informants know about the 
target behavior and can knowledgeably respond to questions 
about their own behavior (in this case, getting rid of an empty 
beverage can) and about their reasons for their behavior. The 
bottom line on sampling, then, is to maximize diversity (age, 
sex, ethnicity, education, area of the country, occupation) to 
elicit as wide a range of decision criteria as possible.

While convenience and purposive samples are common in 
the making of EDMs, Weller et al. (2016) were able to use the 
equivalent of a case-control comparison design to understand 
why some residents of Galveston, Texas, evacuated while others 
stayed behind during Hurricane Ike in 2008. Weller et al. began 
by identifying a sample of people from across the city who had 
evacuated. For each person interviewed, they matched them 
with a neighbor who did not evacuate. They chose the match-
design so that “socioeconomic status and property damage 
would be distributed similarly in the two groups to allow a 
clearer focus on the rationale for evacuation.” The research-
ers then conducted in-depth qualitative interviews, with open-
ended questions, to elicit reasons, motives, and beliefs about 
evacuation, including why someone did or did not comply with 
evacuation orders, what they might do next time and why, and 
what they would like others to know who might be given an 
evacuation order in the future. They were careful to ask every-
one the same questions. This allowed them to quantitatively 
compare the relative importance of all reasons in the decision-
making process.
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Step 3 Collecting Data for a Preliminary Model

The next step is to use the data from Step 2 to develop a struc-
tured elicitation instrument—one that asks everyone the same 
set of questions—and use these data to build a preliminary 
model of the behavior. Here again, yes/no questions produce 
data that make building a model easier. Ordering is also 
important. Ask about the behavior first—the thing you are try-
ing to predict—then ask people to explain why they did what 
they did, and finally, ask about the conditions you wish to con-
sider. In our (2006) study of recycling, we asked a purposive 
sample of 70 people 31 questions derived from Table 16.1. The 
31 questions are shown in Table 16.2. Note that some of the 
questions generate dichotomous answers (e.g., yes, no); oth-
ers generate nominal or qualitative response (e.g., at home, at 
work, etc.); and others generate quantitative responses (e.g., 
not at all, a little, some, a lot).

Why a sample of 70 at this stage? From our experience, 
we anticipated that our final decision model—pictured as a 
branching, bifurcating tree diagrams below, in Figure 16.1—
would be at least three levels deep. To ensure that each of the 
decision’s endpoints would contain at least five people, the 
minimum sample size would be 5*2 (# of Levels), or 5*23 = 40. 
Perfect bifurcation at each decision rarely happens, so we try 
to more-or-less double the minimum sample size to ensure that 
we wind up some cases at each endpoint, and hence, our 70 
survey cases for building the model.

Some researchers use vignettes at this stage. Roberts (2000) 
wanted to model what an older Jewish woman would want to 
happen if she had an incurable illness and couldn’t communi-
cate. She recruited 91 women who identified as Reform Jews and 

102 who identified as Conservative Jews, two of the main sects 
of American Judaism. Based on her initial elicitation interviews, 
Roberts developed ten hypothetical scenarios. For example, in 
the first scenario, Roberts asked, consider a situation where:

You are in a coma and the doctors have said you are 
brain dead.

You have no money left, all your financial resources 
have been exhausted and your only way to pay is 
through public benefits (Medicaid) and/or charity.

Which choice would you make?

1. Use aggressive treatments and life supports 
to stay alive;

2. Not use aggressive treatments and no life 
supports to stay alive; or

3. Choose to terminate your life. (Roberts 
2000: 41)

In the second scenario, Roberts asked: Consider a slightly 
different scenario where:

You are in a coma and the doctors have said you are 
brain dead.

There are enough funds to cover any of your 
needs, either through your own funds and/or your 
families’ funds.

Which choice would you make?

1. Use aggressive treatments and life supports 
to stay alive;

TABLE 16.1

Reasons for Recycling or not Recycling from 21 Informants

1. It’s wasteful to just throw it away.
2. The city has a recycling program. The garbage man picks it up.
3. To help save the environment.
4. Recycling bins are conveniently located.
5. That’s what big blue is for.
6. My kid made a pact with a TV club so she now recycles.
7. I’m concerned about the environment.
8. It’s environmentally sound.
9. Land is not a renewable resource.
10. I save cans to get money for them.
11. The people I’m staying with recycle, so I do, too.
12. The bins were around.
13. It’s useful and can be used again.
14. To keep the environment clean.
15. Because of habit; we usually put it in big blue.
16. Because I’m environmentally conscious.
17. To preserve the environment for my kids.
18. It’s not biodegradable.
19. It’s no good in the landfill.
20. Because it’s just good to recycle.
21. It’s easy to do.
22. Because it’s the right thing to do.
23. Because it’s the big thing to do these days.
24. Because someone told me to.
25. We shouldn’t cover the land up with garbage.
26. To buy more beer.
27. Because if you don’t you have to pay a fee.
28. Because if you don’t you have to pay a fee.

1. I was traveling and I had no place to recycle it.
2. Bins aren’t around. I didn’t have a recycling bin. There aren’t enough 

recycling bins available.
3. There’s no recycling program where I live. No city recycling program
4. Because I don’t have big blue.
5. I didn’t think about it.
6. I gave it to kids who turn it in for money.
7. Forgot.
8. Recycling is not available to me.
9. Laziness.
10. The recycling bin was not conveniently located.
11. Because I have to separate out cans from my garbage and that’s a 

problem.
12. Lack of education.
13. I don’t have enough time.
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2. Not use aggressive treatments and no life 
supports to stay alive; or

3. Choose to terminate your life. (Roberts 
2000: 41)

By examining how women’s choices varied across the ten sce-
narios, Roberts concluded that in situations where a woman 
could no longer speak for herself and had little medical hope 
for recovery, pain was a greater influence than finances in end-
of-life decisions.

Step 4 Building the Model

Figure 16.1 shows our preliminary model for recycling when 
people decide to recycle or throw away the last aluminum 
can they had in their hand. This step, described by Gladwin 
(1989a), takes a lot of trial and error. It involves taking each 
question from the survey in Step 3 and asking the following, 
for each one: If we could ask only this question, how many 
errors (that is, outcomes that are not predicted by the model) 
would result. For our study of whether people recycled the last 
aluminum beverage can they had in their hands, it turned out 
that question 7a in Table 16.2 (Were you at home at the time?) 
produced the fewest errors. That question became the first 
branch of our proposed model.

As you can see in Figure 16.1, guessing that everyone at 
home recycled and that everyone not at home did not recycle 
produces six errors (the four errors the model correctly pre-
dicts that people don’t recycle and the two errors the model 
erroneously predicts that people will recycle) on the left-hand 
branch. On the right-hand branch, the model produces 11 
errors (the 7 + 2 = 9 errors where the model correctly predicts 
people will recycle and the 1 + 1 = 2 errors where the model 
erroneously predicts that people don’t recycle). Combined this 

is a total of 17 errors (6 +  11) and an accuracy rate of 53 out 
of 70 cases, or 76%. As you can also see, building models 
involves selecting different combinations of decision criteria 
(a qualitative process) and checking these combinations for 
accuracy (a quantitative process).
What this means is that by asking just one question (Were 
you home when you had that last can in your hand?) we can 
predict (for this sample) correctly 76% of the time. We try to 
improve on this by repeating the process and asking: What’s 
the best predictor of recycling for each of the two branches of 
the model?

Of the 27 informants who were at home, the best predic-
tor of who did or who did not recycle was to ask question 26 
in Table 16.2: Do you recycle any materials besides cans? As 
you can see in Figure 16.1, of the 23 people who said they 
recycled other products, the model correctly predicts that 21 
people (91.3%) recycled the last can they had in their hand 
and erroneously predicts that two people recycled when they 
didn’t. And conversely, of the four people who said they didn’t 
recycle other products, the model correctly predicts that all 
four (100%) didn’t recycle. So, the rule here is this: For those 
at home who recycle other products, guess “recycled the can”; 
otherwise guess “didn’t recycle the can.” This results in just 
two errors out of 27 cases, or 92.6% correct.

On the right-hand branch of the model, just guessing that 
nobody recycled produced 32 out of 43 correct answers, or 
74.4% correct. (Note, to calculate the total correct answers, 
we counted all the cases where the model correctly predicted 
that people didn’t recycle (11  + 18 = 29), plus all the cases 
that the model erroneously predicted that people would 
recycle (1 + 2 = 3).) This improves to 88.4% correct by dis-
tinguishing whether those not at home were at work or else-
where, and then asking: “Was a recycling bin conveniently 
located nearby?”

Decision to Recycle Cans (Ethnographic Sample)

At home?

True
n = 27 False

n = 43

True
n = 20

True
n = 23

True
n = 8

True
n = 4

False
n = 12

False
n = 19

Was there a
recycling bin
conveniently

located nearby?

Was there a
recycling bin
conveniently

located nearby?

Predictive Accuracy

# correct: 63,90%
# errors: 7, 10%

Tau = .77

Correct = 21, 91.3%
Errors =   2,   8.7%

Correct = 4, 100%
Errors = 0,     0%

False
n = 4

False
n = 23

Do you recycle
other products
besides cans?

At work?

Recycled: 32, 45.4%
Don’t Recycle: 38, 54.3%

Recycle

Correct = 7, 87.5%
Errors = 1, 12.5%

Recycle

Correct = 11, 91.7%
Errors =   1,   8.3%

Don’t Recycle

Correct = 2, 50.0%
Errors = 2, 50.0%

Recycle

Correct = 18, 94.7%
Errors =   1,   5.3%

Don’t Recycle

Don’t Recycle

A priori observed

FIGURE 16.1 Decision to recycle cans (ethnographic sample, N=70)
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First, as shown in Figure 16.1, when people were at work 
and bins were nearby, seven of the eight respondents who 
were at work recycled (the eight includes the seven people 
who the model correctly predicted would recycle and the one 
person the model erroneously predicted didn’t recycle). When 
people were at work and bins were unavailable, 11 of the 12 
respondents said that they didn’t recycle (the 12 includes the 

11 people who the model correctly predicted didn’t recycle and 
the one person the model erroneously predicted didn’t recycle). 
This branch of the model gets 18 out of 20, or 90% correct. 
Second, among the 23 respondents who were neither at home 
nor at work, asking if a recycling bin was nearby produces a 
model with just three errors, or 87% correct. Overall, on the 
right-hand branch, the model produces five errors (88.4% cor-
rect), and the accuracy of the complete model (both left- and 
right-hand branches) is 63 right out of 70, or 90%.

So overall, how did we do? In Figure 16.1, the box labeled “a 
priori observed,” refers to the how many people reported recy-
cling (32 out of 70 or 45.7%) and how many people reported not 
recycling (38 out of 70 or 54.3%). If this was all we knew and 
we had to guess whether a can gets recycled or not, then, with-
out any information about the circumstances (being at home, 
having a recycling bin nearby, etc.), our best guess on any indi-
vidual case would have been that people didn’t recycle and we 
would have been correct 54.3% of the time and wrong 45.7% 
of the time. We refer to this as “a priori” because this tells us 
how accurate we would be before we built our model. But if we 
use the model described here, then we do much better. In fact, 
the model predicts 77% better than expected by chance (and is 
indicated by Klecka’s tau = .77 in Figure 16.1. (See Klecka 1980: 
50–51 for details on how to calculate this statistic).

As it happens, if the only criterion for success is reducing 
the number of errors to a minimum, the model in Figure 16.1 is 
actually more complicated than it needs to be. As Figure 16.2 
shows, we can collapse the two paths “At Work?” and “Not at 
Work?” without any loss of predictive power—it’s the same 
90% for the models in both Figure 16.1 and Figure 16.2. The 
reason is this: Most of the predictive power on the right side of 
the model is based on a bin being nearby. The extra criterion 
in the model, however (at work–not at work in Figure 16.1), 
with its two extra paths, shows that people at work recycle 
more than do those who are neither at home nor at work—40%  
(7 + 1 = 8 of 20), compared to 13% (2 + 1 = 3 of 23). The extra 
criterion thus provides information on the size and location of 
the problem—information that suggests where to put recycling 
bins if we don’t have an unlimited supply of them.

Step 5 Testing the Model on an 
Independent Sample

An accuracy rate of 90% may seem high, but it’s hardly a sur-
prise when a model accounts for the data on which it is built. 
All we are in doing in Figure 16.1 is representing graphically 
what people told us they did. Models, however, are tentative 
theories, or hypotheses. Their validity doesn’t depend on how 
they are derived but on how well they stand up to tests on an 
independent sample of people who were not involved in build-
ing the model in the first place. Model confirmation on inde-
pendent samples is typically done in EDM studies to increase 
their internal and external validity.

Strong agreement between two or more, independently 
derived EDMs is similar to repeating a laboratory experi-
ment in terms of reliability and internal validity. For example, 
assume another group of independent researchers followed 
the process describe above but collected data from different 
people at each step. If after all the steps and decisions the 

TABLE 16.2

Questions Asked in the Recycling Study

After asking about the last can and the reasons for recycling, ask each of 
the following:

1. Does your city have a recycling program?
2. Can you return aluminum cans for redemption in your town or city?
3. Did you live in a house or apartment?
4. If you live in a house, is there a special pickup for recycled materials 

(e.g., big blue)?
5. Are there special bins for recycled materials in your apartment 

building etc.?
6. Are there recycling bins for cans where you work?
7. The last time you drank from an aluminum can were you:

7a. at home?
7b. at work?
7c. driving in your car?
7d. inside or outside?
7e. at someone else’s house?

8. The last time you drank from an aluminum can did you get the can 
from a vending machine?

9. The last time you drank from an aluminum can was there a recycling 
bin conveniently located nearby?

10. The last time you drank from an aluminum can were you busy?
11. The last time you drank from an aluminum can were there other 

people around when you finished your drink?
12. If so, do these people usually recycle cans?
13. If so, did anyone suggest that you recycle the can?
14. Do you have children?
15. Do you habitually recycle material such as cans, newspapers, and 

plastics at home?
16. Do you habitually recycle material such as cans, newspapers, and 

plastics at work?
17. Do you consider yourself environmentally conscious (not at all, a 

little, some, a lot)?
18. How much do you think that recycling helps to save the environment 

(not at all, a little, some, a lot)?
19. How much are you concerned about the environment (not at all, a 

little, some, a lot)?
20. How much do you think recycling helps to keep the environment 

clean (not at all, a little, some, a lot)?
21. How important is it for you to preserve the environment for children 

(not at all, a little, some, a lot)?
22. Do you think it’s wasteful to throw away an aluminum can?
23. Do you think that there is a lot of social pressure nowadays to 

recycle?
24. Do you think that cans are bad for landfills?
25. Do you think that recycling aluminum cans is useful?
26. Do you recycle any materials besides cans?
27. If so, what other materials do you recycle?

Note: Questions 1–16 and questions 22–26 were answered Yes or No. 
Questions 7–11 are expansions of the question “Where were you 
when you had that used beverage can in your hand?” into five 
binary questions. This ensures that all informants are given the 
same set of cues as the data are collected to build the preliminary 
model. Questions 17–21 produced ordinal data (not at all, a little, 
some, a lot). Question 27 produced text.
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other research team made, the prediction based on their data 
resulted in a model that resembled ours, we would have a 
lot of confidence that the results were relatively robust and 
unlikely to be spurious. Still, as with all ethnographically 
derived findings, there is doubt about external validity—
whether the results can be generalized to a larger population 
(Weller et al. 1997). This is just another reason why it is so 
important to collect detailed information about the charac-
teristics of your participants.

To see how our model EDM did on a larger population, 
we tested it on a representative, national phone survey of 386 
respondents in the United States. The results are in Figure 16.3.

Comparing Figures 16.1 and 16.3, there are many differences 
in the distribution of answers. For the ethnographic model, we 
interviewed people wherever we could find them, while for the 
national survey, we called people at home. Sure enough, 58% 
of the national respondents said they were at home when they 
had that last beverage can in their hand, compared to only 39% 
of our ethnographic informants.

And still, the ethnographic model held up well in a national 
test. Of the 173 people who were at home and who also said 
they recycled other products besides cans, 160 (93%) recalled 
recycling the can, compared to 91% in the ethnographic sam-
ple. Of the 55 people at home who reported not recycling other 
products besides cans, 45 (82%) recalled not recycling the can, 
compared to 100% for the ethnographic sample. And the over-
all accuracy of the national model is 85%, compared to 90% 
for the ethnographic model.

What this means is that there is likely to be a strong 
consensus, across the United States, about the decision to 
recycle aluminum beverage cans. We had a glimpse of this 
when we got the same model in North Dakota and Florida, 
but of course, it didn’t have to turn out that way. Multiple 
ethnographically derived models on small samples could 
easily turn up cultural or regional differences for any given 

decision—like when to take a sick child to the doctor or 
when to report child abuse.

Just as with the ethnographic model, adding the question 
in the national model about where the behavior took place (at 
work vs. at home) had no effect on prediction power. It did, 
however, corroborate the policy-relevant information pro-
duced in the ethnographic model regarding where to put scarce 
resources if we want to increase recycling behavior. Of the 158 
people in the national sample who said they were not at home 
when they had that last beverage can in their hands, 20% (20 + 
1 = 21 out of 104 in Figure 16.3) said they didn’t recycle if they 
also said they were at work.

By contrast, 50% (25 + 2 = 27 out of 54 in Figure 16.3) of the 
not-home people said they didn’t recycle if they also said they 
were not at work. It may be tempting to try to reduce the 50% 
error rate by further modifying the model, but the not-home/
not-at-work condition covers people at who are football games, 
or driving on the freeway, or visiting other people’s houses, 
or window shopping. With so many conditions, and limited 
resources with which to put out recycling bins, it is going to 
be tough to have an impact on that 50% error rate. In the short 
term, it’s easier to imagine incentives for getting employers to 
put out those bins.

Step 6 Assessing the Validity of 
Ethnographic Decision Models

Thus far, we have focused on the quantitative measure of model 
error rate. We can take the process one step further and bring 
qualitative information into assessing the model’s validity.

We asked 33 of our ethnographic informants to tell us, in 
their own words, why they recycled, before we asked system-
atically about the decision-criteria. For these informants, we 
examined the fit between their justifications of their choice 
to recycle or not and the model’s predictions. We did this by 

Decision to Recycle Cans (Ethnographic Sample–Simple Model)

At home?

True
n = 27

False
n = 43

True
n = 23

True
n = 12

False
n = 31

Was there a
recycling bin
conveniently

located nearby?

Predictive Accuracy

# correct: 63,90%
# errors: 7, 10%

Tau = .77

Correct = 21, 91.3%
Errors =   2,   8.7%

Correct = 4, 100%
Errors = 0,     0%

False
n = 4

Recycled: 32, 45.7%
Don’t Recycle: 38, 54.3%

Recycle

Correct = 9, 75.0%
Errors = 3, 25.0%

Recycle

Correct = 29, 93.5%
Errors =   2,   6.5%

Don’t RecycleDon’t Recycle

A priori observed

Do you recycle
other products
besides cans?

FIGURE 16.2 Decision to recycle cans—simplified model (ethnographic sample, N=70)
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following individual recycling cases down the decision tree 
and examining the degree to which each end point in the tree 
(each final decision) corresponded to our informants’ own 
accounts. The results are shown in Table 16.3.

The top right-most cell of Table 16.3 contains the rationales 
from people who reported that they were at home and recycled 
other things besides cans. At home, only one person said it was 
easy to do. Three people, however, said it was a good thing to 
do or that it was mandatory. Nowhere else in the rationales do 
these latter two themes arise.

The next cell down shows the rationales from people who 
reported that they were at home but did not recycle other 
things. The model correctly predicted that the first three of the 
respondents would not recycle. Unlike those who had recycled, 
none of the three mentioned that it was important or good to 
recycle-nor that it was mandatory. The three cases that were 
misclassified more closely resemble the rationales in the cell 
above.

The rationales for those at work are clearly divided between 
those respondents who reported having a recycling bin conve-
niently located nearby and those who did not. Those who had 
a bin nearby reported its availability and the ease with which 
one could recycle. Those who didn’t have a bin spontaneously 
mentioned not being able to keep cans on the job or not having 
a recycling center.

The last cell shows the rationales for those who were not at 
home or at work and who did not have a recycling bin nearby. 
Of the eight cases that the model predicted correctly, half spon-
taneously mentioned either the lack of convenience or the lack 
of a recycling bin. The other half mentioned explicitly where 
they were and clearly implied that place had something to do 
with their behavior. The two people who said that they threw 
the can out of the car identified a factor we hadn’t thought of 
before—that laws against drinking and driving might have an 
impact on environmentally friendly behaviors.

Resolving Errors with Ethnography

Why do some people recycle when the model predicts that they 
shouldn’t and other people don’t recycle when the model pre-
dicts that they should? We turn to the verbatim comments of 
our informants. Those who recalled recycling a can despite 
not being at home or at work and not having a bin conve-
niently located were likely to justify their behavior by citing 
their beliefs in environmentalism or citing financial benefits 
for doing it. This may be the result of positive attitudes about 
recycling—attitudes that give people the extra impetus they 
need for recycling when bins aren’t handy.

This is worth testing, but note that attitudes (or whatever 
else is at work) can account for no more than 10% of responses 
in the local sample (since the model predicts 90% of responses 
there) and no more than 15% of responses in the national sam-
ple (since the model predicts 85% of responses there).

We don’t have ethnographic data to account for those not at 
home who reported not recycling a can despite having a recy-
cling bin handy because none of our 33 informants were in that 
category. In fact, only three out of 76 people in our national 
sample reported not recycling despite having a bin handy. Just 
putting a lot of recycling bins around will likely increase recy-
cling behavior. This has been known for some time, of course, 
but the fact that we can validate a well-understood piece of 
information like this gives us confidence in the EDM method 
for answering questions that are not this obvious.

Suggested Applications of EDMs in MMR

In principle, ethnographic models can be used to study com-
plex choices, but in practice they are most commonly used 
for binary (yes/no) or categorical (A, B, or C) decisions. 
Binary decisions can, of course, be modeled statistically, 

Correct = 160, 92.5%
Errors =   13,   7.5%

Correct = 45, 81.8%
Errors = 10, 18.2%

Decision to Recycle Cans (National Sample)

At home?

True
n = 228 False

n = 158

True
n = 104

True
n = 173

True
n = 61

True
n = 15

False
n = 43

False
n = 39

Was there a
recycling bin
conveniently

located nearby?

Was there a
recycling bin
conveniently

located nearby?

Predictive Accuracy

# correct: 326, 84.5%
# errors: 60, 15.5%

Tau = .59

False
n = 55

False
n = 54

Do you recycle
other products
besides cans?

At work?

Recycled: 277, 71.8%
Don’t Recycle: 109, 28.2%

Recycle

Correct = 60, 98.4%
Errors =   1,   1.6%

Recycle

Correct = 23, 53.5%
Errors = 20, 46.5%

Don’t Recycle

Correct = 13, 86.7%
Errors =   2, 13.3%

Recycle

Correct = 25, 64.1%
Errors = 14, 35.9%

Don’t Recycle

Don’t Recycle

A priori observed

FIGURE 16.3 Decision to recycle cans (national sample, N=386)
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with logistic regression and categorical decisions can be 
modeled statistically with multinomial logit models or con-
ditional logit models, but ethnographic decision models 
(as contrasted with purely statistical ones) are particularly 
good for understanding real-life, discrete choices and the 
rationales behind those choices. Unlike most purely proba-
bilistic models, EDMs depend on a series of related if-then 
choices—things that we think make a lot of sense in real-
world settings.

Strengths and Limitations of EDMs in MMR

EDMs are based on mixed methods during the full inquiry 
process—from exploratory data collection and analysis, to 
initial model building and hypothesis generation, to confir-
matory analysis for model accuracy and validation. EDMs 
involve fully inductive work—inducing rules from a set of 

real-life events—and fully deductive work—generating and 
confirming hypotheses. On the other hand, while EDMs are 
typically generated on small samples and have high inter-
nal validity, they require testing on large samples in order 
to check external validity. Without this second step, EDMs 
are not likely to be convincing in applications research, 
where the goal is to get people to change their behavior—to 
recycle beverage cans, for example, as in the case reported 
in this chapter.

Resources for Learning More about EDMs

Gladwin (1989a) remains the key source for anyone who want 
to learn more about EDMs. Other overviews include Beck 
2005, Bernard et al. (2017), and Hill (1998). See Ryan and 
Martínez (1996) and Weller et al. (1997) for more nuances in 
regard to accuracy and predictability.

TABLE 16.3

Verbatim Justifications for 33 Recycling Choices from Ethnographic Sample

Decision Rules Choice Verbatim Justification

At home? Yes
Recycle other things? 
Yes

Yes I know you can recycle it and the bin was easy to get to.
I believe in it, and it’s good for the environment.
I feel that it’s some form of token effort in trying to protect the environment and keep stuff out of landfills.
I recycle as much as I can.
For recycling—because garbage just doesn’t disappear—if you recycle there is less garbage then.
They pick it up on Wednesday—because it’s a good thing to do.
It is required to recycle cans.
It is mandatory, and I believe in recycling.
It is mandatory.

At home? Yes
Recycle other things? 
No

No Correct
I don’t recycle. I didn’t think about it and I don’t like storing it around home because it brings pests.
I was too lazy.
Sometimes I keep em’ for my brother but … I give them to him..… I just didn’t this time.
Incorrect
I take them to a place where they take aluminum cans and gets money for em’.
I did it to recycle … no reason just to recycle.
It’s easy to do and they pick em’ up.

At work? Yes
Bin nearby? Yes

Yes I always recycle aluminum cans. … I don’t know … because I can, because it’s available.
It’s an automatic thing at work; we all recycle there.
I wasn’t gonna mess with it—it was easy.
One of the operator collects them at work, and she takes the bag weekly to put it … to take in for recycling.

At work? Yes
Bin nearby? No

No We’re not allowed to keep cans on the job.
There was no recycling center nearby.
A lady at work collects them—so I put them in the bag to give to this one lady.

At work? Yes
Bin nearby? Yes

No Correct
It wasn’t convenient I guess.
There was no obvious place to put it for recycling.
I don’t know—I didn’t have a container to put it in.
I was not home—I was someplace in town.
I was at someone’s house.
I was driving—I threw it out the window—it was a beer can—the environment—I’m down with it but there 
are too many rules—I threw it out so I wouldn’t get caught with it in my car.

I wasn’t at home—at home I would’ve put it in the recycling bucket — If it weren’t illegal to put it in my 
car.… I’d’ve taken it home with me—more people would recycle if it weren’t for those open container laws.

Incorrect
Well I didn’t know what to do with it.
That’s better on the environment.
I take em’ in and turns em’ in for money.
I think it’s a good thing—why use new things when you can reuse old things.
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