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ABSTRACT

Businesses often implement changes to improve outcomes and enhance customer satisfaction. The best situation
occurs when a business can measure the impact of the change before and after the intervention. Healthcare and
hospital management is no exception to this. In this paper we have analyzed patient survey data obtained from a
large Midwestern University Teaching Hospital. In 2010, the hospital management introduced a key intervention to
improve patient satisfaction. We have used SAS Enterprise Guide® and Enterprise Miner® to analyze the pre and
post effects of a key intervention — the introduction of an online portal to access patient medical information, including
test results. The challenge was to integrate data that were in two forms—quantitative and qualitative (comments). As
would often occur, the survey was not specifically designed to measure this intervention. We have analyzed both the
aggregate quantitative data and the text data to gauge the specific sources and valence of customers’ comments
about the intervention. We find a significant increment in the means of outcomes in the aggregate for some variables
and we that this appears to be related to when patients commented about test results in the survey This kind of pre
and post analyses, where quantitative and qualitative data are used in tandem, can the management in measuring
the effectiveness and significance of the intervention strategies.

INTRODUCTION

Interventions are often used by a business to reduce costs, increase efficiency or improve customer’s perceptions
about their product or services. In this research we evaluate an intervention introduced by a major Midwestern
university hospital that was designed to improve access to medical information. In this case, the key to evaluating the
value of this intervention is to measure its effectiveness in improving customer satisfaction. The hospital, like many
other businesses, routinely surveys its patients using a third-party provider. It is often difficult to change or add
questions to such ongoing surveys to specifically capture patient’s reactions to specific changes. Prior research has
found that analysis of text comments along with quantitative data from a survey increases the explanatory ability of
the survey results.[1] Here we illustrate how text mining of the quantitative data can be integrated with the qualitative
data (based on patients’ comments) to provide deeper insights about changes in customers perceptions pre and post
intervention.

Text mining is a complex process because of the unstructured nature of the text data and the complexities associated
with handling syntactic and semantic components of text. Text mining studies often include categorization of texts,
measuring of valence of texts, predicting texts into predefined categories and information retrieval. [2]. According to
Dobson (2010), many companies fail to analyze the patterns in the textual data. However, textual comments and
responses provided in these surveys contain a wealth of information.

The hospital investigated in this study has a culture of improvement and lean operational management, so this was
one of several efforts to improve performance metrics and enhance patient satisfaction about the visit and clinic. Here
we have considered an intervention of ‘introduction of an online portal’ to view patient medical records, which
includes the ability to see results more quickly. The hospital management had gathered quantitative data suggesting
that the availability of the online portal has generated a positive impact on patient satisfaction; however, a specific
increment in the quantitative survey data was hard to validate because patient satisfaction can be attributed to many
factors such as good care by care providers, doctor’s treatment or pleasantness in the waiting room and so on.

SURVEY DETAILS

In this study we have used data from a survey sent out by a third party provider to a sample of patients after the
completion of an outpatient hospital visit. The survey contains a battery of question in five sections: access to care,
during your visit, your care provider, personal issues and overall assessment. Every survey section has quantitative
guestions based on a 5-point scale and space for handwritten comments, leading to both structured and unstructured
data. The overall assessment section has two unstructured questions. Patients are asked to comment about “What
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was the best thing about your experience with our clinic?” referred to here as “good thing about the clinic” and “Name
one thing you wish were different about our clinic” referred to here as the “name a bad thing about the clinic.”

For this analysis, we have considered quantitative survey data from one year prior and one year post the intervention.
For the unstructured data, we have only considered comment from the “bad thing about the clinic section”. The goal
of the analysis is to detect whether there are changes in the valence of comments related to obtaining test results in
the textual data after the intervention.

METHODOLOGY

QUANTITATIVE SURVEY ANALYSIS

Out of the 35 quantitative questions in the survey, we have analyzed three quantitative questions from several
sections of the survey. Of these three variables, O4 and CP10, are considered by the hospital management as key
overall metrics on which the management would like to find an impact due to the intervention. The variable 119 is a
guestion that specifically addresses medical test results and therefore is likely to reflect the impact of the intervention.
The mean values are computed on a scale of 0 to 100 which are compared for the pre-intervention and post-
intervention and reported in Table 1. The sample size of the dataset pre-intervention is 13,302 and the post-
intervention dataset is 25,164.

Survey Questions Variable Name
Likelihood of recommending our Practice to others. 04

Likelihood of recommending this Care Provider to others CP10

Access to Test Results 119

Table 1: Quantitative Survey Questions

Comparison of average values show that for the specific question that assesses access to test results (119), there is a
clear and statistically significant (at 5% level) increase from pre-intervention to post-intervention period. While that is
good news for the hospital management, what the management really wants to see is the impact on the overall
business metrics. Unfortunately, here the result is murky. In the post-intervention data for the two overall business
metrics, one went up significantly (O4) while the other went down significantly (CP10). The actual differences are
rather small, but small differences at the high end of the scale are managerially important. However, as with all
longitudinal studies, these changes in the overall metrics cannot be purely accounted for by the intervention
implemented because many environmental components are changing simultaneously.
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Figure 1: Mean Values Of Business Metrics

To fully explain the effect of the intervention on the quantitative data, the trend of usage of the ‘online portal’ has been
collected and reported in Figure 2. Numbers of instances of the usage of the online portal are captured for each
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quarter since deployment, and reported below. The graph shows a clear pattern of usage of the portal following the
intervention that follows the same trend as the satisfaction in Figures 3 and 4.
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Figure 2: Trend of Online Portal Usage.
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Figure 3: Mean of 119 (Access to Test Results).

It is interesting to find that the average of “access to test results” show an increasing trend (mirroring the pattern in
access to portal) starting from first quarter of 2010, right after the intervention.

TOPIC MINING

The quantitative data suggested that access to test result might be a major underlying cause for the overall
improvement. To help management better understand these quantitative results, we therefore looked at the negative
forms of the comment data to determine if there were fewer negative comments about “test results” after the
intervention, thus pointing to this as a potential explanation for the change. The text topic node available in the Text
Mining tab of the SAS Enterprise Miner 7.1 is used to extract the themes of relevance from the negative text data.
The text topic has to be preceded by the Text parsing and Text filter node as shown in Figure 4 below.

fom POST_ € ) =3 " % i a
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Figure 4: Model Diagram of Topic Mining.

The Text Topic node automatically associates the terms and documents according to both discovered and user-
defined topics. Each topic is a collection of terms that pertains to a main theme or idea. Text Topic node assigns a
score for each document and terms to each topic. Then, thresholds are used to determine if the association is strong
enough to consider whether the document or the terms belong to the topic. As a result, documents and terms may
belong to more than one topic or to none at all. [4] Number of topics is typically decided based on the number of
documents and terms as well as the business context.
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The following settings are used in analyzing text data as shown below in Figure 5.
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Figure 5: Property Panels of Text Parsing and Text Filter Node respectively.

For the text topic node only the default settings are used. In this analysis we used only multi-term topics. Figure 6
shows the topics discovered by the text topic node. As the default number of topics is 25, many of the topics seem to
be redundant. For example, consider the topics 4 & 12 in the pre-intervention comments (left panel in Figure 6) both
of which seem to capture the theme of long wait and time spent in the waiting areas.

Identical analysis was conducted for both pre intervention & post intervention comments data in the survey section
with ‘name a bad thing about the clinic’ comments. Topic 22 in the pre-intervention seems to relate to the theme most
commonly associated with the introduction of the portal (availability and access of immediate test results).

Topic 23 in the post data analysis relates to negative comments of patients with regards to the availability of their test
results.
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Figure 6: List of Topics created in Pre (left panel) and Post (right panel) Intervention Text Analysis on the Survey Section — ‘Bad thing’.

In order to fully understand the valence of the negativity of the comments, the mean values of the overall business
metrics associated with the topics of interest i.e., Topic 22 in the pre-intervention data and Topic 23 in the post-
intervention data, are calculated. As can be seen from Figure 7, the averages of both metrics have increased
significantly (at 5% level of significance) in the post-intervention. This is quite different from what was found in
analyzing the quantitative data alone and clearly shows the positive impact of the intervention on the overall metrics
that are key considerations for the hospital management.
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Figure 7: Comparison of Means of Target Variables associated with the relevant topics.

To provide further insights, we find that the percentage of records in the ‘name a bad thing about the clinic’ section,
where patients mentioned about the ‘availability of test results’ is decreased post the intervention as shown below.
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Figure 8: Percentage of records in which ‘test results’ is mentioned in the ‘name a bad thing about the clinic.’

It is also interesting to find that comments about the online portal is generally positive in all of the comments data post
intervention as shown below (note that the term is associated with positive sentiments such as easy, love, good, etc.).
Overall, it seems the intervention is viewed positively by the patients and it likely contributed to increase in patients’

perceptions about the hospital:

SESUG 2012
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Online Portal
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Figure 9: Concept Link Diagram of the term ‘Online Portal’.
CONCLUSION

Text mining is a good stand-alone procedure to summarize text and identify the relevant patterns in the comments of
any survey. In this research, we demonstrate how deeper insights can be obtained from combining text mining results
with quantitative data analysis. In particular, we find that the murky results from the analysis of quantitative data alone
improved substantially when text mining results were combined with the numeric data analysis. The text mining
reported in this paper mostly used default options in SAS Text Miner and can be improved and fine-tuned by
incorporating other options such as including the synonyms or using user-defined topics. In future we are planning to
extend this research for the other interventions introduced in the hospital management. We are also planning to use
the SAS Sentiment Analysis Studio® to explore the sentiment of the customer perceptions about interventions.
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