
    
        [image: cover image]
    

  An Improved Methodology for Advancing Nursing Research: Factorial Surveys

Ludwick, Ruth PhD, RNC; Wright, Marion Elizabeth PhD; Zeller, Richard Allen PhD; Dowding, Dawn W. PhD; Lauder, William PhD; Winchell, Janice BS

Advances in Nursing Science .
			27(3):224-238, July/August/September 2004.

Author Information

Kent State University, Kent, Ohio (Drs Ludwick and Zeller and Ms Winchell); the University of Ulster, Northern Ireland, United Kingdom (Dr Wright); the Department of Health Sciences and HYMS, University of York, North Yorkshire, United Kingdom (Dr Dowding); and the Central Queensland University, Queensland, Australia (Dr Lauder).

Corresponding author: Ruth Ludwick, PhD, RNC, Kent State University College of Nursing, Kent, OH 44242 (e-mail: rludwick@kent.edu).

Marion Elizabeth Wright was supported by a Leverhulme Trust Study Abroad Fellowship. The financial support of the trust and the hospitality and assistance of Kent State University College of Nursing while carrying out the study are gratefully acknowledged, as is the help of all the nurses who took part in the research.

Abstract

Clinical judgments and decisions are an integral component of nurse work and nurses are increasingly being challenged to account for their judgments and decisions. Nursing research is needed to help explain judgment and decision making in nursing, but most research in this area is almost exclusively characterized by descriptive studies. This article describes the use of the factorial survey method, which combines the explanatory power of a factorial experiment with the benefits of a sample survey. This hybrid technique is an excellent method for studying judgments and decisions across settings, roles, disciplines, and countries. This article outlines the steps of the method and demonstrates its applicability with an exemplar from a study across nurses from 3 countries.

RESEARCH designs that can attribute causal explanation when studying nurses' judgments and decision making are critical. The increased emphasis on continuity of care, interdisciplinary research, and the impact of globalization of healthcare have increased the need for research comparisons across settings, practice roles, cultures, and countries. Yet, high costs, the nature of the research, time constraints, and ethical concerns have hampered the use of experimental designs in nursing research on judgments, decision making, and comparative studies.

Clinical judgments and decisions are an integral component of nurse work and as such impact on care recipients, care providers, and the larger lay and health communities. All nurses, across practices, settings, and countries, make numerous judgments and decisions daily. Yet, much work needs to be done to explore how nurses make judgments and decisions, to examine the contextual nature of those judgments and decisions, and to examine nurse consensus and variation in judgment and decision making. The profession, the public, and the policymakers are increasingly asking nurses …to account for the decisions they make for, with, and on behalf of, their patients.1(p4)

The factorial survey, which combines the advantages of the experimental design with the advantages of survey research, can be used to answer research questions that are concerned with judgments, decision making, and/or concept definition. The study of nursing decisions that may be threatening to patient outcomes such as the use of restraints, a referral to protective services, or refusal to medicate or treat a patient are just a few examples of the types of decisions that can be studied. Judgments might include asking nurses to assess substantive problems like elder abuse, acute confusion, or malnourishment. Concept differentiation might be determining which of the 2 competing diagnoses is depicted: abuse versus self-neglect or delirium versus dementia.

The purpose of this article is to demonstrate how nurses can use the factorial survey method, an advanced method used widely in the social sciences, effectively and efficiently in empirical nursing research to examine judgments and decision making. An overview of the factorial study design is provided and then followed with a brief overview of judgement and decision-making research. Finally, the key components of the factorial survey technique are presented: (1) operationalizing variables and writing a rational vignette, (2) producing randomly generated vignettes, (3) selecting a sample size and sampling, and (4) analyzing data. To illustrate the versatility of the factorial survey design and its application to clinical judgments, we use as an exemplar a study of nurse decision making about nutrition and with subjects across 3 countries. Nurses and nursing students from the United States, Northern Ireland, and Scotland participated in the study, which examined the impact of 11 clinical and sociodemographic patient variables for their impact on nurses' decision making regarding risk, screening, and referral for malnutrition.
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FACTORIAL SURVEY DESIGN

The factorial survey combines the benefits of a factorial experimental research design with the benefits of a sample survey. The strength of the factorial survey is that it is a hybrid technique. It combines the strength of random assignment inherent in the classical experimental design with the generalizability power of the sample survey because of random sampling.

The traditional factorial experiment typically employs a 2 × 2 or a 2 × 3 factorial research design. The factorial survey, on the other hand, typically employs 10 to 15 independent variables. Moreover, the simple vignette design using 2 independent variables in a 2 × 2 factorial research design defines 4 cells. The factorial survey will define thousands or millions of cells. In the cross-country study employed here for illustration, there are 11 independent variables in the 8 × 5 × 2 × 5 × 3 × 12 × 3 × 4 × 5 × 5 × 3 factorial research design.

This factorial design is defined by 12,960,000 cells. A unique vignette could be produced for each of these 12.9 million cells. This is where the power of random sampling comes into play. A sample of cells (say 520) is randomly selected from the population of more than 12 million possible cells in the design. Thus, we have 1 cell per 25,000 possible cells in the sampling design. Given that these cells were randomly selected, main effects for 11 independent variables on the dependent variable(s) can be reliably assessed and evaluated for statistical significance. Moreover, the effects of the 55 first-order interactions on the dependent variable(s) can also be reliably assessed and evaluated for statistical significance.

The probability base of random sampling and the law of large numbers imply that there will be sufficient cases to assess these effects. Consider the 8 × 5 subfactorial design in the above-described model of 11 variables. It has 40 cells (8 × 5 = 40). With an N of 520, there are an expected 13 observations per cell (40 × 13 = 520). In reality, the number of observations per cell will be 13 plus or minus a few. This plus or minus is sampling error. The proportion of observations in each category of each variable hovers near the expected proportion that would have occurred given the random sampling design of people in the population. The same principle applies to the factorial survey. The proportion of observations in each cell hovers near the expected proportion that would have occurred given the random sampling design of cells in the factorial survey universe.

The survey design evolves from the vignette, which is the basic element in the factorial survey technique. Like any survey, this method can be paper and pencil or electronic and thus self-administered or administered by a researcher via phone or face-to-face. A chief feature of survey research is the ability to use probability sampling. Traditional probability sampling selects a sample of respondents from a population of potential respondents. Probability sampling in the factorial survey selects a random sample of vignettes from a population of potential vignettes. Research using the factorial survey can also take advantage of traditional probability sampling to increase the generalizability of the results. The survey nature of the design allows for ease of administration across settings, practices, and professions, and even across countries as we demonstrate in this article.

The assets derived from the factorial design and the survey can simultaneously increase internal and external validity. The internal validity is increased because the values of the independent variables vary randomly across the spectrum and are not limited to the variance of these variables in any specific clinical population. In addition, the effects of demographic and social variables (eg, age, sex, race, socioeconomic status) that are so often alleged to influence such judgments and so rarely tested can be included as independent variables. Moreover, each vignette is unique and the set of vignettes to which any respondent answers is also unique. The external validity or generalizability is increased as the survey aspect of the design facilitates the sampling design.

The factorial survey was first developed by Rossi and Anderson2 to examine social judgments and has primarily been used across the social sciences to investigate the social definitions of a wide variety of behaviors and decision making by a number of varying professionals and laypersons. The factorial survey has been used to examine a variety of problems, including child abuse,3,4 sexual harassment, 5 and mental illness.6 More recent work includes investigation of topics like self-neglect,7,8 use of restraints on patients,9,10 child abuse recognition by nurses,11 and health professionals' beliefs about factors affecting health behaviors of clients.12 Although the factorial survey has been widely used in social science, its use in nursing13 and in other health professions12 has been virtually nonexistent.

A search of major literature databases in the social and health sciences (MEDLINE, CINAHL, Soc Sci, PsychINFO) produced approximately 130 articles that feature factorial surveys. However, published nursing research reflects that the technique is not well known in nursing. Only 6 factorial survey articles appear in nursing journals and the method is not explained in major nursing research methods books, reflecting that many nurse researchers have had limited, if any, exposure to this experimental method.14
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JUDGMENT AND DECISION-MAKING RESEARCH

The literature on judgment and decision making in nursing is characterized by a number of expressions used to explain the same phenomenon, such as clinical decision making,15 clinical judgment,16,17 clinical inference,18 clinical reasoning,19 and diagnostic reasoning.20 In essence, what all of these types of studies are investigating are how nurses make judgments the assessment of alternatives and decisions choosing between alternatives 21 about patients under their care. The study of judgment and decision making has been the focus of attention for researchers for over half a century, 1 with a number of theories describing how decisions are made in practice (descriptive approaches), how they should be made (normative approaches), and how they may be improved and/or generated as a result (prescriptive approaches).

The research into judgment and decision making in nursing is almost exclusively characterized by descriptive studies that examine how nurses make judgments and decisions in practice. These studies have commonly used a mixture of observation of practice and interview to examine various characteristics of nurse decision making, such as expertise,16,22-26 the role of heuristics and bias,27,28 and task complexity.29,30 Some of the studies use vignettes as the basis for data collection, examining how nurses may make judgments and decisions in practice.23,31,32 All of these studies have provided valuable evidence regarding the nature of nursing expertise22 and influences on decision making practice.27,33 However, because they are descriptive studies, they are characterized by small, unrepresentative samples, and are unable to identify systematic differences in the way nurses use information to make judgments and decisions, or variability in decision making. Other studies have used surveys to explore nurse decision making.34,35 However, these surveys rely on self-report of general strategies that nurses say they use in decision-making situations, without any reference to possible behavior or patient context. As it is commonly recognized that individuals' insight into their decision-making ability is often limited, the results of this type of study are also problematic, as they cannot provide an insight into actual nurse behavior.

Designs that use the factorial survey approach can help address the criticisms of existing research into judgment and decision making in nursing. By using vignettes to mimic patient scenarios, researchers have a tool that can mirror the real life experiences of those knowledgeable in their fields while maintaining a valid research design. The systematic nature of the design of the factorial survey allows for the representative sampling of a population, the examination of information cues used by nurses in detail, and the identification of similarities and differences in approaches to judgment and decision making.
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VARIABLES AND WRITING A RATIONAL VIGNETTE

The factorial survey uses a vignette that is created from the independent variables chosen for the study. This approach facilitates examination of wide categories of contextual information about a problem/case or patient. The factorial survey method was developed to examine the effects of numerous interdependent pieces of data that are often seen in the real world, but are often multicollinear. The power of the factorial survey design lies in the ability to examine normative beliefs of a group about a concept, judgment, or a decision, but unlike the real world, the independent variables are virtually uncorrelated in the factorial survey. Thus, crucial to the method is writing a vignette that tells a logical story and that includes all the variables that are to be tested. Thus, identification of the independent variables and their levels is a basic step in developing the vignette and its framework.
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Independent variables

The uniqueness of each vignette lies in how the story is made to vary by the levels of the independent variables. Each vignette can be simple or complex, depending on the number and types of independent variables chosen. The main character (eg, patient/client if looking at nurse decision making about patients) can be made to vary by diagnosis, affect, gender, etc. The number of independent variables can easily be as high as 10 to 15, and 2 to 3 dependent variables have been used by researchers. The independent variables that operationalize the vignette are drawn from research and the literature. (See Table 1 for example of dietary, anthropometric, biochemical, clinical, and sociodemographic independent variables used in exemplar.)

[image: Table 1]Table 1. Dietary, anthropometric, biochemical, clinical, and sociodemographic independent variables



Once the independent variables are selected, the levels of the variables must be determined. Age, for example, is a common patient characteristic that nurses are often interested in. The levels for age would be set based on the ages one is interested in studying. In the cross-country study on nutrition, the levels of age we used were 25, 35, 45, 55, 65, 75, 85, and 95. Nominal variables such as gender can also be used. An interesting level that can also be introduced is the null category. The null category can provide some useful information in a factorial survey. For example, gender is a commonly used variable across many studies, and the information about gender can be randomly left out, thus creating for gender 3 levels: male, female, and null, where no information on gender is given. If using the null category, however, care must be taken to ensure that the information about the null category is not introduced or implied elsewhere. The null category thus helps add to the contextual reality of the real world, where information can sometimes be found to be missing and in the analysis helps determine what happens to a variable that is left out.

The design enables the researcher to study data nurses routinely use for decision making when providing patient care and yet control for multicollinearity of the independent variables. Age and diagnosis, for example, are sufficiently collinear to make independent assessments of nurse judgments virtually impossible to assess in actual situations. This problem is overcome in the factorial survey as the levels of the independent variables are randomly assigned. When using the factorial survey method, the levels of age and diagnosis are randomly generated. Intercorrelations among the independent variables can be tested for independence and orthogonality by examining a zero-order correlation matrix for the variables. Orthogonality is critical as it sets the design apart from correlational studies, allowing for causal relationships to be established.
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Dependent variables

As with all quantitative research, the dependent variables are of primary importance. Indeed, the goal of quantitative research is to account for variance in the dependent variables. To do this, the dependent variables must be at least of interval level, and there must be sufficient variance in each dependent variable.

In factorial survey research, the investigator has the opportunity to select up to 3 dependent variables, although as few as 1 can be specified. The use of only one dependent variable puts the entire study on the back of this variable. If this dependent variable produces insufficient variance for robust analysis, the value of the study is lost. In contrast, specification of too many dependent variables runs the risk of losing the focus and attention of the respondent. Although limited examination has gone into the uppermost number of dependent variables to use in factorial survey research, it is recommended that no more than 3 dependent variables be used when examining substantive issues.42

A rating scale is most often used to measure the dependent variables. Both Likert-type scales and a 100-mm analogue line have been used.14 In the 3-country study that examined nurse decision making about nutrition, the following 3 dependent variables were selected: (1) Is the patient at risk for malnutrition? (2) Should the patient be screened for malnutrition? and (3) Should the patient receive a dietary referral?
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Coherent vignettes

Once the variables critical to the story are decided, it is equally important to create realistic vignettes. The vignettes should have enough information to mimic the type of information shared by nurses in reports, in charting, or in conversations about patients.

The presentation of variables in the vignette must be realistic, coherent, logical, and internally consistent. A researcher cannot logically include variables like marital status and spouse's age as fully crossed independent variables. There is no logical age for the spouse of a single target. Moreover, the flow of the vignette is important.

Using a sequencing that keeps data of similar type together is important. Demographic data about the described patient are, for example, a logical start to vignettes. Alternatively, demographic information could be situated last in the story and the facts about the situation needing a decision could be placed first. Although beyond the scope of this article, the impact of sequencing of material in vignettes is an area that needs further research. Hennessey et al43 recommend that pretesting may help identify problems with sequencing when highly emotional or debatable variables are used.
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PRODUCING VIGNETTES

The vignettes must be generated so that all levels of each independent variable have an equal probability of being included. The critical point is that the vignettes must be generated randomly so that all levels of each independent variable have an equal probability of being included. The distinctiveness of each vignette can be achieved by several methods. Weber et al44 wrote a computer program designed to generate vignettes that meet this criterion. However, this program has proven difficult to implement and is no longer easily attainable.

Alternatively, the vignettes can be produced by a combination of several common computer programs, that is, a spreadsheet and word processing. Zeller (unpublished data, 2003) has produced instructions for generating a random table of numbers that represent the levels of the independent variables in vignettes using MicroSoft Excel (Table 2). Once the spreadsheet is finalized, word processing is used to complete the process. The basic vignette minus the variables is word processed and then numbers that represent variables are transposed manually or with a merge function into the basic vignette structure (Table 3). Once the surveys are produced, the researchers proof all vignettes. Errors are corrected and the questionnaire is compiled. This method is time intensive, however, as it does require about 20 hours for each 1000 vignettes produced.

[image: Table 2]Table 2. Generating random numbers to represent variables*
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A more efficient method has been developed by Winchell45 to generate random vignettes using SAS and SPSS programming. Once the levels of each independent variable have been determined (Table 1) and random assignment of values has been made according to the method described in Table 2, a vignette number is assigned to each combination of values. At this point, either an SPSS or an SAS program can be written to associate text with each value of the numeric independent variables. For example, if the independent variable gender takes on the values 1, 2, and 3, which represent male, female, and null, respectively, the associated text variable might be gentext and be assigned the values male when gender = 1, female when gender = 2, or left blank when gender = 3.

As the set of independent variables for each vignette is read from the file created according to Table 2 instructions, SPSS/SAS can write out a text file containing as many vignettes as required. The text values associated with the independent variables will be substituted within the skeletal paragraph (Table 3) according to the randomly assigned values of the independent variables and the dependent variables included following each scenario. This file can then be taken into MSWord, and, with minor editing, produce the vignettes for distribution. The time involved in creating the vignettes is greatly reduced.

It cannot be overstated that designing coherent vignette frameworks and then producing the vignettes themselves is often time intensive, especially if SAS/SPSS programming is not used. The result of the intense upfront work does, however, produce a survey that is often quick and easy to administer and to complete. Often, the survey requires 10 to 20 minutes to finish, depending on the number and complexity of vignettes and what other questions are asked such as demographic information.
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SAMPLE SIZE AND SAMPLING

A major advantage of the factorial survey method lies in the survey aspects of the design. Besides independent patient variables, the factorial study can be used to examine a wide range of subjects for differences and similarities in judgments and decision making. Probability sampling can be used. In 1993, Ludwick13 randomly sampled 100 nurses from the Ohio registry of licensed nurses who worked in acute care. In the exemplar study, a convenience sample of nurses and nursing students was used since it was a pilot project to test the method cross-nationally and because of limited funding. Each of 166 respondents was given 6 vignettes to rate, producing a total of 996 vignettes for analyses.

The cross-country sampling points out an advantage of the factorial survey (economy of time and money) and one of its criticisms (nonindependence of the observations). Sometimes, there are only a small number of knowledgeable respondents about the topic under consideration, or because of financial or time cost, access to subjects is limited. Limiting respondents to one vignette severely limits the power of the study to detect, describe, and infer causal effects if access to subjects is less than optimal. Despite the logistic and cost advantages of multiple vignettes per respondent, the question remains whether dependency of observations provides an erroneous analysis. At what point, however, is the number of vignettes per respondent producing a significant error term and thus producing overestimates of regression coefficients in the analysis? Critics claim that the factorial survey design is inferior to traditional survey methodology because of the alleged artificial inflation of the sample size. The artificial sample size claim comes from the contention that the unit of analysis in factorial survey research is the vignette, not the individual subject. There are multiple vignettes judged by a subject. This raises the question of how much confidence one can place in the judgments, given the proposition that each vignette is not an independent observation.

Zeller and Byers46 respond to this assertion by suggesting that in some research projects, one may want to study only experts in an area (eg, adult protective service workers), and the available number of such individuals may be limited. Moreover, using a Monte Carlo simulation, they document that analysis will produce identical regression slopes for independent data and data that are polluted with as much as 50% of the variance in the dependent variable associated with subject dependency. Given this robustness of subject dependency, the critic's claim that such dependency undermines the credibility of the factorial survey is unfounded.46
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DATA ANALYSIS

The statistical tool used in the analysis of factorial surveys is multiple regression. The central analysis for model building is the use of vignette variables as predictors on decision-making outcomes. The unit of analysis for the regression is the vignette, not the subject. Multiple regression provides the explained variances, effect sizes, and statistical significances that are vital to causal explanations and are not possible with ordinary survey research. The virtual uncorrelatedness of the independent variables assures that the analyst will not face the interpretational problems associated with multicollinearity. Moreover, this uncorrelatedness means that the partial regression slopes are robust.

The model handles nominal variables as well as ordinal and scale variables. When nominal variables are used, all k -1 levels of each independent variable should be recoded into k -1 dummy variables. All sets of dummy variables are used as predictors in a multiple regression equation predicting the outcome variable. The regression slopes produced when using all sets of dummy variables simultaneously will be approximately the same as the regression slopes produced when multiple regression analyses are conducted for each set of dummy variables representing each independent variable separately.

Using increments in the multiple correlation squared, analysts can identify the 1 or 2 independent variables that have a strong effect on the dependent variable as contrasted with the 8 or 10 independent variables that have a weak but statistically significant effect. Thus, the strong independent variables can be identified and the weak independent variables can be relegated to substantive irrelevance.

Pooling of respondents' vignettes for statistical analysis is supported in the original work of Rossi and Anderson2(p32) who state: If each n respondent rates separate respondent subsamples of m factorial objects, the resulting data are nm = N judgements, Ji. This analysis is possible because the subjects each rate multiple randomly produced unique vignettes. The order of production and of appearance of vignettes is random within and across individual subsamples.

If each subject is given 5 vignettes to judge, a sample of 100 would result in 500 observations. If each subject is given 30 vignettes to judge, a sample of 100 would result in 3000 observations. In the nutrition study across countries, each respondent received 6 randomly generated vignettes and 996 vignettes were used as the unit of analysis. Therefore, even with a small sample, researchers can produce a very large number of cases in a short period of time and with relative ease.

A computer software tool (such as SPSS) will produce partial regression coefficients for each level of each independent variable. Each slope assesses the extent and direction that the mean judgment of its respective category differs from the mean of the omitted category of the independent variable. The power of the entire model and the relative strength of each independent variable are evaluated by the multiple correlation squared (R2). We note, parenthetically, that given the orthogonal generation of vignettes, the partial regression coefficients controlling for the other independent variables will be approximately equal to the regression coefficients if the other independent variables had not been controlled. Moreover, the multiple correlation squared across independent variable sets will be approximately equal to the sum of the correlations for each single independent variable set.

The analyses of the variables in this method is advantageous as many of the variables can be noncontinuous, and dummy coding can be used to estimate the effect size for levels of the nominal independent variables.2 Specifically, the regression uses each category of independent variable minus 1 to predict the outcome measures. All but 2 of the independent variables in the cross-country study on nutrition were categorical. Therefore, dummy coding was used to estimate the effect that each category of the nominal variable had on the dependent variables. As an example, let us examine the variable of hemoglobin (or haemoglobin as used in the surveys distributed in Scotland and Northern Ireland). This variable had 4 categories (8 g/dL, 11 g/dL, 15 g/dL, and 19 g/dL). When predicting the outcome variable from hemoglobin, 3 dummy variables were created, one for 8 g/dL, 11 g/dL, and 19 g/dL, and 15 g/dL was set as the base category. When the 3 hemoglobin dummies are used as predictors of the outcome variables, the regression equation emerged as follows: Y = a + b1X1 + b2X2 + b3X3 (where a is the Y intercept, bi are the slopes, and Xi are the hemoglobin).

Highlights from the nutrition study point up the applicability of using the factorial survey to explain which variables most strongly predict nurse judgments and decisions and to determine if there is consensus among nurses. The 3 prediction models for each of the dependent variables (predicting risk for malnutrition, the decision for the nurse to conduct a nutrition screening, and the decision to refer the patient to a dietician) were each found to explain about a quarter of the variance for each of the 3 dependent variables. Consensus was found across countries on all of these indicators.

To illustrate the power of this analysis in explaining causation, we show the model for just one of the dependent variables, nurse judgment about risk for malnutrition. Six independent patient variables accounted for 24.7% of the variance in judgment of risk. Consider the case where the levels of all independent variables were zero. When the levels of all of the independent variables are equal to zero, the predicted outcome is simply the intercept. In this condition, a patient who ate 100% of what was served, was not underweight, was not dehydrated, did not have a low hemoglobin, was not confused, and did not have a diagnosis of congestive heart failure, the predicted risk level for such a condition was 4.160. In formula form, the equation for this regression model appears as follows: Risk = 4.160 + (0)(0.573) + (0)(0.750) + (0)(0.0846) + (0)(0.756) - (0)(0.451) + (0)(0.930) = 4.160. Alternatively, now consider the above case with the single exception in level of independent variable that the patient ate 0% of what was served instead of 100% of what was served. In this case, the risk level was 6.452. In formula form: Risk = 4.160 + (4)(0.573) + (0)(0.750) + (0)(0.846) + (0)(0.756) - (0)(0.451) + (0)(0.930) = 6.452. All slopes in this regression equation are P < .01.

For each reduction of 25% of the amount of food that the patient ate, the perceived risk level was increased by .573, dehydration increased the predicted risk level by .750, a low hemoglobin increased the predicted risk level by .846, presence of confusion increased the predicted risk level by .756, a diagnosis of congestive heart failure decreased the predicted risk level by .451, and being underweight increased the predicted risk level by .930. The risk level for a patient who ate 0% of his food is increased by 2.292 (.573 per 25% reduction times 4 decreases of 25% = 2.292). From this, the predicted risk level for a patient who ate no food, was underweight, was dehydrated, had a low hemoglobin, was confused, and had a diagnosis of congestive heart failure was 8.024.

In addition to the requisite analysis of the regression slopes and their significance, we additionally examined squared correlation of each randomly assigned independent variable with each outcome. This produces a percentage to examine the relative impact of the significant variables beyond the customary standardized regression (β) values. This analysis step is of particular value since large survey data can produce statistically significant but substantially meaningless results. Such results have little predictive power and no theoretical meaning, but show statistical significance at the predetermined P value. For example, in a study of 100 cases, 4% of the variance is expected to be statistically significant.

In the squared correlations examined here for demonstration purposes, our findings showed that the dependent outcomes were significantly influenced by 6 of the patient variables: amount (percentage of food eaten), height/weight, state of hydration, hemoglobin, affect (confusion), and diagnosis (congestive heart failure). These were significant predictors in all the regression models. The strongest independent variable to influence the outcomes was the reported percentage of food eaten by the patient. The less the patient reported eating over the last 3 meals, the more likely the subjects were to identify risk for malnutrition. This variable, called amount, accounted for 13.5% of the variance in risk regression model. This explained variance is comparable to a correlation coefficient of .367. Although the substantive findings related to nutrition are not in themselves relevant here, the variance that is represented by 13.5% clearly demonstrates the power of the factorial design in identifying causal analysis without issues of multicollinearity. We found that nurses in 3 countries all agreed that the amount the patient reported eating was clearly the most important variable for determining risk for malnutrition. In fact, the variable that next best explained judgment was the anthropometric measure of height:weight ratio, which explained about 4% of the variance.
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CONCLUSION

Nurses can use the factorial survey to gain the strengths of survey research and the robustness of the experiment from factorial designs. The factorial survey can be used across settings (eg, types of units and hospitals), across practices (eg, emergency department nurses and surgical nurses), and across countries. Other research designs in nursing often present with 3 major problems. First, clinical problems occur in the real world and, therefore, any study of these problems must allow for the contextual complexity experienced by professionals. Issues of whether or how social and psychological characteristics of the person judged, work-setting factors, or the clinician's background influence judgments are difficult to disentangle. Second, gaining cooperation of professionals as research subjects is difficult if scenarios to be judged are lengthy, when observers monitor professionals making judgments, if lengthy descriptions of how decisions are made are required, or if confidentiality is an issue. When professionals are solicited to participate, the researcher often limits the range of vignette variables. Thus, the responses to the vignettes are restricted. Third, confounding real-world variables such as race, age, and education are often difficult to separate. In traditional experimental designs, a limited number of variables with few levels are used to create orthogonality so that oversimplification results and real-world complexity is sacrificed.

The factorial survey is a design that helps to minimize these 3 problems. It combines the advantages of the multivariate experiment with the realism and wide dissemination potential of surveys, thus providing more of the detail that characterizes real-life situations.2 First, the survey design allows the researcher to sample numerous 10 to 15 situation-based variables that can mimic the type of information nurses regularly encounter in reports, case studies, conversations, and documentation. Second, gaining cooperation is relatively easy as completing the vignettes often takes 10 to 20 minutes. Third, the factorial design permits the researcher the opportunity to disentangle confounding variables as factor orthogonality can be assured and thus the regression analysis can distinguish the separate impact of each independent patient variable in the vignette.

Nurse researchers have an opportunity to develop, test, adapt, and move forward factorial survey research in areas that have important implications for clinical judgments and decision making within nursing and healthcare and moreover to contribute to methodology and analysis issues that cut across disciplines. Nurses can aid in the development of factorial survey methods, a design that was originally developed for examining issues of social stratification.2 Nurse researchers can test the method in substantive clinical areas that require judgments and/or decisions for substantive issues that are often difficult to measure because of cost, ethical, or time constraints.42 Nurse errors, patient safety, abuse, end-of-life decisions, healthcare treatment, and access options are just some examples of problems that would reveal …the shared and idiosyncratic principles of judgments…47(p10) that would move the method forward. Nurses are in a unique position to study substantive health issues across settings, roles, cultures, disciplines, providers, care recipients, and both care recipients and providers or any other combination of these variables. In an era where cost containment, international and/or interdisciplinary collaborative research, and outcomes are increasingly emphasized, the factorial design can be used for a variety of projects from pilot work to studies involving large sample populations. There are a variety of ways that nurses could use the factorial survey method. Three areas highlighted here are methods, concept definition, and education or program evaluation.

Methods' issues like the presentation order of variables or the maximum number of variables in a study can be examined within the context of significant health concerns like end-of-life judgments and decisions. End-of-life decisions could be studied for differences among nurses, patients, and families. Can patients handle less information than do nurses? Does the order of information presented change the decision of families?

Definitions among poorly differentiated concepts such as abuse, neglect, and self-neglect could be evaluated by examining which variables are critical in differentiating nurse judgments in these 3 areas. Further, various providers could evaluate these concepts across settings. Emergency department nurses and physicians and providers in primary care such as physicians and nurse practitioners could be compared for similarities and differences in judgments and decisions.

Finally, program or educational interventions could be tested using the factorial survey. Instead of knowledge questionnaires and satisfaction surveys, the power of the factorial design could be brought to bear to examine judgments and decisions post intervention. This could be done using a pre-post design method or by comparison with a control group.

Factorial surveys are not without their own limitations. An obvious one is that the results obtained with factorial design are hypothetical as with any use of vignettes. What someone reports they would do in a situation and what they actually do in that situation may differ. Protections can be taken so that the vignette is made as realistic as possible so that it accurately portrays the important characteristics of the situation under investigation. While contextual complexity of the real world is difficult to translate into a short story, nurses frequently make judgments and decisions on stories given in reports and documented in charts on a daily basis. Yet this topic of vignette validity is also an area for further research and development by nurses.

Some research has been conducted in this area13 (O'Toole et al, unpublished data, 1993). In addition to obtaining data on the vignettes, these authors obtained data on the most recent case of the problem that was being studied, acute patient confusion and child abuse. Their analysis of these data revealed that the data presented in the vignettes and the nurse responses were similar to nurse experiences. The validity of the factorial survey was enhanced by this design addition and subsequent analysis. The outcomes used in a factorial survey are more credible when respondents identify criteria similar to those found in the vignettes. If, however, themes emerge from the data that were not included in the vignette, then these themes can be evaluated for replication and extension of the vignette in subsequent research efforts. In spite of this limitation, it is important to reiterate that the factorial survey method overcomes multicollinearity and provides an experimental design that one cannot get in an ideal real-world situation.

To end with, it is of particular value to note that this exemplar on nurses' nutritional decision making illustrates the relative ease with which it was possible to carry out cross-cultural research using factorial surveys. Respondents were students in broadly similar nurse education programs, studying nutrition at similar stages in the curriculum. The only differences necessary in the questionnaires related to spelling and units of measurement. Hemoglobin spelling was varied as hemoglobin and haemoglobin. Weight was measured in pounds for US respondents and stones and pounds in the UK questionnaires. Thus, with minimal adaptation, the questionnaire, including the vignettes, was suitable for use in either country, making it possible to examine decision making across countries in the same study and avoiding the need for separate or follow-up studies.

In summary, factorial surveys present a powerful research design that can economically produce data relevant to important research questions that practitioners and researchers in nursing wish to examine. In many circumstances, analyses from these data provide insights that the researcher simply would not, could not, or should not be able to obtain using other research designs.

Back to Top

REFERENCES

1. Thompson C, Dowding D, eds. Clinical Decision Making and Judgement in Nursing. Edinburgh: Churchill Livingstone; 2002. Cited Here...

2. Rossi PH, Anderson AB. The factorial survey approach: an introduction. In: Rossi PH, Nock SL, eds. Measuring Social Judgments: The Factorial Survey Approach. Beverly Hills, Calif: Sage;1982:15-67. Cited Here...

3. Garrett K. Child abuse: problems of definition. In: Rossi PH, Nock SL, eds. Measuring Social Judgments: The Factorial Survey Approach. Beverly Hills, Calif: Sage; 1982:174-204. Cited Here...

4. O'Toole AW, O'Toole R, Webster S, Lucal B. Nurses' recognition and reporting of child abuse: a factorial survey. Deviant Behav. 1993;14:341-363. Cited Here...

5. Rossi PH, Weber-Burdin E. Sexual harassment on the campus. Soc Sci Res. 1983;12:131-158. Cited Here...

6. Thurman QC, Lam JA, Rossi PH. Sorting out the cuckoo's nest: a factorial survey approach to the study of popular conceptions of mental illness. Sociol Q. 1988;29:565-588. Cited Here...

7. Byers B, Zeller RA. Social judgments of responsibility in elder self-neglect cases. J Psychol. 1995;129:331-344. Cited Here...

8. Lauder W, Scott P, Whyte A. Nurses' judgments of self-neglect: a factorial survey. Int J Nurs Stud. 2001;38:601-608. Cited Here...

9. Ludwick R, O'Toole R, O'Toole A, Webster S. Measuring judgements of professionals: using vignettes in a social survey about patient confusion. J Clin Geropsychol. 1999;5:177-189. Cited Here...

10. Ludwick R. Clinical decision making: recognition of confusion and application of restraints. Orthop Nurs. 1999;18:65-72. Cited Here...

11. O'Toole AW, O'Toole R, Webster S, Lucal B. Nurses' diagnostic work on possible physical child abuse. Public Health Nurs. 1996;13:337-344. Cited Here...

12. Love MB, Davoli GW, Thurman, QC. Normative beliefs of health behavior professionals regarding the psychosocial and environmental factors that influence health behavior change related to smoking cessation, regular exercise, and weight loss. Am J Health Promot. 1996;10:371-379. Cited Here...

13. Ludwick R. Nurses' response to patients' confusion. Dissertation Abstr. 1993;54(4):1-141. UMI No. AA1926006. Cited Here...

14. Lauder W. Factorial survey methods: a valuable but under-utilised research method in nursing research? Including commentary by Charton J. NT Res. 2002;7:35-45. Cited Here...

15. Field PA. The impact of nursing theory on the clinical decision making process. J Adv Nurs. 1987;12:563-571. Cited Here...

16. Benner P, Tanner C. How expert nurses use intuition. Am J Nurs. 1987;87:23-31. Cited Here...

17. Itano JK. A comparison of the clinical judgment process in experienced registered nurses and student nurses. J Nurs Educ. 1989;28:120-126. Cited Here...

18. Hammond KR, Kelly KJ, Castellan NJ, Schneider RJ, Vancini M. Clinical inference in nursing: use of information-seeking strategies by nurses. Nurs Res. 1966;15:330-336. Cited Here...

19. Grobe SJ, Drew JA, Fonteyn ME. A descriptive analysis of experienced nurses' clinical reasoning during a planning task. Res Nurs Health. 1991;14:305-314. Cited Here...

20. Radwin LE. Research on diagnostic reasoning in nursing. Nurs Diagn. 1990;1:70-77. Cited Here...

21. Dowie J. Clinical decision analysis: background and introduction. In: Llewelyn H, Hopkins A, eds. Analyzing How We Reach Clinical Decisions. London: Royal College of Physicians;1993. Cited Here...

22. Benner P, Tanner C, Chesla C. From beginner to expert: gaining a differentiated clinical world in critical care nursing. Adv Nurs Sci. 1992;14:13-28. Cited Here...

23. Corcoran SA. Planning by expert and novice nurses in cases of varying complexity. Res Nurs Health. 1986;9:155-162. Cited Here...

24. Fisher AA, Fonteyn ME. The nature of nursing expertise. In: Grobe SJ, Pluyter-Wenting ESP, eds. Nursing Informatics: An International Overview for Nursing in a Technological Era. Amsterdam: Elsevier; 1994:331-335. Cited Here...

25. Greenwood J, King M. Some surprising similarities in the clinical reasoning of expert and novice orthopaedic nurses: report of a study using verbal protocols and protocol analyses. J Adv Nurs. 1995;22:907-913. Cited Here...

26. Lamond D, Farnell S. The treatment of pressure sores: a comparison of novice and expert nurses' knowledge, information use and decision accuracy. J Adv Nurs. 1998;27:280-286. Cited Here...

27. Cioffi J. Heuristics, servants to intuition, in clinical decision-making. J Adv Nurs. 1997;26:203-208. Cited Here...

28. Fisher A, Fonteyn ME. An exploration of an innovative methodological approach for examining nurses' heuristic use in clinical practice. Sch Inq Nurs Pract. 1995;9:263-279. Cited Here...

29. Corcoran SA. Task complexity and nursing expertise as factors in decision making. Nurs Res. 1986;35:107-112. Cited Here...

30. Cioffi J, Markham R. Clinical decision-making by midwives: managing case complexity. J Adv Nurs. 1997; 25:265-272. Cited Here...

31. Tanner CA, Padrick KP, Westfall UE, Putzier DJ. Diagnostic reasoning strategies of nurses and nursing students. Nurs Res. 1987;36(6):358-363. Cited Here...

32. Westfall UE, Tanner CA, Putzier D, Padrick KP. Activating clinical inferences: a component of diagnostic reasoning in nursing. Res Nurs Health. 1986;9:269-277. Cited Here...

33. Cioffi J. A study of the use of past experiences in clinical decision making in emergency situations. Int J Nurs Stud. 2001;38:591-599. Cited Here...

34. Lauri S, Salanterä S, Chalmers K, et al. An exploratory study of clinical decision-making in five countries. J Nurs Sch. 2001;33:83-90. Cited Here...

35. Lauri S, Salanterä S. Decision-making models in different fields of nursing. Res Nurs Health. 1998;21:443-452. Cited Here...

36. Webb GP, Copeman J. The Nutrition of Older Adults. London: Arnold; 1996.
37. Wright ME. Nutritional decision-making in nursing: factorial survey use across countries. Paper Presented at: Advances in Factorial Survey Technique: An International Forum, Kent State University College of Nursing; March 6, 2003; Kent, Ohio.
38. Fieldhouse P. Food and Nutrition: Customs and Culture. London: Chapman & Paul; 1995.
39. Morrison G, Hark L. Medical Nutrition and Disease. Cambridge, Mass: Blackwell; 1996.
40. McWhirter JP, Pennington CR. Incidence and recognition of malnutrition in hospital. Br Med J. 1994:308;945-948.
41. Gibson RS. Principles of Nutritional Assessment. New York: Oxford University Press; 1990.
42. Ludwick R, Zeller R. The factorial survey: an experimental method to replicate real world problems. Nurs Res. 2001;50:129-133. Cited Here...

43. Hennessy MM, MacQueen KM, Seals B. Using factorial surveys for designing intervention programs. Eval Rev. 1995;19:294-312. Cited Here...

44. Weber E, Sellers D, Rossi P. VIG-WRITE: The PC Vignette Generating Program [version 1.0]. Amherst, Mass: Social & Demographic Research Institute, University of Massachusetts; 1988. Cited Here...

45. Winchell J. Using statistical packages (SPSS/SAS) to facilitate factorial survey research. Paper presented at: Advances in Factorial Survey Technique: An International Forum, Kent State University College of Nursing; March 6, 2003; Kent, Ohio. Cited Here...

46. Zeller RA, Byers B. Challenging the contention in factorial survey method that sample sizes are artificially inflated. Paper presented at: Advances in Factorial Survey Technique: An International Forum, Kent State University College of Nursing; March 6, 2003; Kent, Ohio. Cited Here...

47. Rossi PH, Nock SL, eds. Measuring Social Judgments: The Factorial Survey Approach. Beverly Hills, Calif: Sage; 1982. Cited Here...



Keywords: decision making; factorial survey; judgment; methods; nurses; nursing; nutrition



© 2004 Lippincott Williams & Wilkins, Inc.
  OEBPS/images/Original.00012272-200407000-00007.TT3.jpeg
‘The patient is a year old (marital status) (gender) who is in hospital

for —___ (diagnosis). You are carrying out —__ (type of assessment). The patient is
(ht/w0), appears (hydration) and has a__ (Hb). When asked about food intake

the patient reports —_ (amount eaten for last 3 meals served). The patient appears
(affect). Has —__ (help or nov).

Example of random vignettes:

Version for United Kingdom: The patient is a 65-year-old, married, male who is in hospital for
congestive heart failure. You are carrying out your final nursing assessment before discharge. The
patient is 5'10” and 14 st and 6 Ib, does not appear dehydrated, and has a haemoglobin of 8 g/dL.
When asked about recent food intake, the patient reports eating 50% of previous 3 meals that
have been served. The patient appears confused. Has help at home.

Version for the United States: The patient is a 65-year-old, married, male who is in hospital for
congestive heart failure. You are carrying out your final nursing assessment before discharge. The
patient is 70" and 202 Ib, does not appear dehydrated, and has hemoglobin of 8 g/dL. When
asked about recent food intake, the patient reports eating 50% of previous 3 meals that have been
served. The patient appears confused. Has help at home
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Independent

Values of independent

variables Levels variables Rationale for inclusion
Age.y 8 25,35, 45,55, 65,75, 85,95 Effect of age on nutritional
status**37
Marital status 5 Single, married, widowed, Social factor in nutrition®®
separated, divorced
Gender 2 Male, female Social factor in nutrition®®
Diagnosis 5 Congestive heart failure, chronic ~ Nutrition related®™
obstructive pulmonary
disease, inflammatory bowel
disease, type 2 diabetes
mellitus, chronic renal failure
Assessment phase 3 An initial nursing assessment of  New variable entered because of
the patient, a review of the emphasis on discharge
patient’s progress, a final planning®”
nursing assessment before the
patient is discharged
Height and weight 12 Three weights for each of 4 Indicator of nutritional status
heights (expressed in pounds (anthropometric),
and inches for vignettes used representing underweight,
in the United States and in acceptable weight,
stones and pounds and feet overweight?7:3910
and inches for vignettes used
in Northern Ireland and
Scotland
State of hydration 3 Does not appear dehydrated, Indicator of nutritional status
appears dehydrated, null Cclinicaly*™ 4!
Hemoglobin, g/dL 4 8,11,15,19 Indicator of nutritional status
(biochemical)*” !
Description of 5 100, 75,50, 25,0 Dietary indicator of nutritional
amount eaten, % status 3741
Affect 5 Cheerful, pleasant, depressed,  Psychological factor influencing

Support from
family and
friends

confused, null
Has help at home, does not have
help at home, null

nutrition”3%
Social factors influencing
nutrition?**
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. Open a MicroSoft Excel spreadsheet.

. With the cursor in cell A1, type “=rand(”in the *="box at the top of the spreadsheet. Click on
another cell. This will produce a random number between 0 and 1 in cell Al

. Copy the random number in cell Al Paste this value across & columns and down N rows where*
keis 8, the number of independent variables as there are in the vignette; and N is 500, is the
number of vignettes you wish to generate

4. Save the file as an *.xls” file; close the file and exit from MicroSoft Excel.

5. Open SPSS. Open the “Data” file. Remember to change “Files of Type” to *Excel(*.xIs)"and

specify the name of the file in the box labeled “File Name.”

6. Click on “Open.”

sable the instruction which specifies “Read Variables From the First Row of Data”and click on
“OK.”If things have progressed properly, you should have 8 columns labeled V1 through V8, and
500 rows of random numbers between 0 and 1 in an SPSS data file. Click on “File” and “Save As.”
Name the file in “File Name.” Save this file as a (*sav) file.

In order for V1 to have 5 levels, click on “Transform”and “Categorize Variables.” Specify *5”as the
number of categories. Move “V1”to the “Create Categories For” box and click on “OK.” *NV1”
appears in the ninth column. “NV1”has created 5 categories labeled *1,”*2,"*3,” *4,”and *5.”
Each category has exactly 100 of the 500 cases. Repeat this procedure for each of the 8 variables

using its respective number of categories. Check to make sure that you have properly

categorized each variable by clicking on “Analyze,” “Descriptive Staf and “Frequencies.”

Shift all of the categorized variables into the “Variables” box and click “OK.” Examination of the

output should reveal the proper number of cases at each level for each independent variable.

. Shade in and print the columns labeled “NV1”through “NV8.” This printout specifies the levels of
each case on each independent variable.

N

L

v

* ‘This example is for producing a table that represents 8 variables and will produce 500 vignettes.





