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importance to patient satisfaction remains unclear.

satisfaction.

settings and areas of their concern.

Machine learning

Background: Patient satisfaction is a multi-dimensional concept that provides insights into various quality aspects
in healthcare. Although earlier studies identified a range of patient and provider-related determinants, their relative

Methods: We used a tree-based machine-learning algorithm, random forests, to estimate relationships between
patient and provider-related determinants and satisfaction level in two of the main patient journey stages, registra-
tion and consultation, through survey data from 411 patients at a hospital in Abu Dhabi, UAE. Radar charts were also
generated to determine which type of questions—demographics, time, behaviour, and procedure—influence patient

Results: Our results showed that the ‘age’attribute, a patient-related determinant, is the leading driver of patient
satisfaction in both stages. ‘Total time taken for registration’and ‘attentiveness and knowledge of the doctor/physician
while listening to your queries’are the leading provider-related determinants in each model developed for registra-
tion and consultation stages, respectively. The radar charts revealed that demographics’ are the most influential type
in the registration stage, whereas 'behaviour’is the most influential in the consultation stage.

Conclusions: Generating valuable results, the random forest model provides significant insights on the relative
importance of different determinants to overall patient satisfaction. Healthcare practitioners, managers and research-
ers can benefit from applying the model for prediction and feature importance analysis in their particular healthcare
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Background

Patient satisfaction

Patient satisfaction has gained significant attention as
a critical component of health service quality [1-3].
Patients are regarded as the best candidates for provid-
ing vital source of information about the care received,
the possible barriers to obtaining care and the providers’
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interpersonal behaviour [4, 5]. Earlier studies showed
that higher patient satisfaction with health services has
positive impacts [1, 6], resulted in better health outcomes
and recommendations of the hospital services to others
[7].

Although many studies evaluated patient satisfaction
in the literature, it still remains difficult to identify the
determining factors of this multi-dimensional concept.
The concept involves a range of factors varied consid-
erably across the literature [2, 8—12]. Further, there is
an absence of an absolute consensus on the theoretical
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framework of patient satisfaction [13, 14]. Therefore,
identifying which set of determinants drive patient satis-
faction is still debatable. This great diversity in potential
drivers of patient satisfaction leads to multiple dimen-
sions in measurement studies, which reduces the ability
to compare them and draw meaningful conclusions [1].
Further, there are limited methodological tools and mod-
els measuring patient satisfaction [1, 15].

Surveys are commonly used tools in assessing patient
satisfaction [7, 16]. They help capture patient judgments
about the received health service [17]. Despite numerous
studies that have either developed new surveys to evalu-
ate patient satisfaction or adjusted existing ones [18, 19],
further research is required to consider all potential fac-
tors, including patient and provider-related determinants
[1]. Moreover, the multi-dimensional satisfaction deter-
minants, with possible interactions between each other,
and their association with patient satisfaction, might not
be well understood in this research context using cur-
rently available tools. However, machine learning tools,
such as tree-based ensemble learning algorithms, may
provide opportunities with feature importance analysis
and prediction capabilities to better evaluate patient sat-
isfaction determinants throughout the patient journey.

Random forests

The use of artificial intelligence (AI) and machine learn-
ing (ML) algorithms has gained a growing awareness in
various domains and industries [20-22], including the
healthcare industry [23, 24]. As a subset of ML, tree-
based algorithms also gained particular attention with
their realistic and easy-to-interpret results [25-27].
These tools’ contribution has been notably recognized
with their prediction accuracy and handling interactions
in big data sets automatically, even if large covariates are
present [25].

As a non-parametric ensemble method, random forests
(RFs) has gained popularity in dealing with regression
and classification problems [28, 29]. The RFs develops
many decision trees [30, 31] using a random subset of
variables obtained independently and with replacement
from the original dataset [27, 32]. One of the important
features of the RFs is the built-in feature importance
functionality that helps rank the independent variable
regarding their importance to the outcome variable,
which adds value in data analysis [27, 33]. Encouraging
results in both empirical [34, 35] and theoretical [36]
studies have been conducted in various domains, includ-
ing healthcare [37, 38]. Although RFs have merits in data
analytics with various functions on multiple datasets,
their implementation is limited in the patient satisfaction
context.
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Study aims

This study aims to evaluate patient satisfaction by rank-
ing the importance of patient and provider-related
determinants in two of the common patient journey
stages, registration (check-in) and consultation pro-
cess, using a random forest algorithm. Even though
many hospitals have developed programs and patient
satisfaction surveys to assess the quality of health ser-
vices, limited research is available capturing determi-
nants affecting patient satisfaction in different patient
journey stages. Therefore, this research is designated
to explore this matter using patient satisfaction survey
data provided by a hospital in the UAE. The research
focuses on understanding patient satisfaction drivers,
which fall within four types of questions: demographic,
time, procedural, and behavioural related questions.
Understanding such drivers will help identify impor-
tant features; therefore, potential areas for improve-
ment in healthcare quality research and practice.

Methods

Data source

In this study, retrospective and de-identified patient
satisfaction survey data are collected from a hospital
in Abu Dhabi, UAE. In total, 411 patients participated
in the survey and were asked to rate their experience
throughout their hospital journey. Data from two com-
mon journey stages are included in this study: (1) regis-
tration as a non-clinical stage; and (2) consultation as a
clinical stage in the patient journey. Each section includes
a set of questions that fall into five main categories: (1)
demographics, such as nationality, gender, age as well as
their visit type (e.g., new patient or established patient),
(2) time-related questions, (3) behaviour-related ques-
tions, (4) procedure-related questions, and a question on
(5) overall satisfaction in relevant patient journey stages.
While demographics represent patient-related determi-
nants, time, behaviour and procedure questions repre-
sent provider-related determinants. The questions are
mainly five-Likert-style survey items, asking how satis-
fied patients are and illustrating the following scale: not
at all (1), not (2), neutral (3), somewhat (4), extremely (5).

Procedure
In this study, the chosen data analysis method is RFs,
while employing Python as the programming language.
Table 1 describes the libraries used in the proposed algo-
rithm implementation.

Two models, Model 1 and Model 2, are developed for
each patient journey stage included in this study. There
is one target variable (overall patient satisfaction) and
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Table 1 Python libraries used in this study
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Library Description

Pandas Provides high-level data structures and many more tools [46]

Matplot Used for data visualization and can create two-dimensional graphs and diagrams [46]
Seaborn Used for data visualization with extensive settings for processing charts [47]
Scikit-learn Exposes many of the machine learning packages [48]

Table 2 Parameter search space in grid search analysis

Table 3 Patient-related determinants

Parameter Range

[3;4;5;6;7;8:9:10; 12; 15]
[1;2;3;4;5,6;7;8;,9,10;15]

max_depth (maximum depth of the tree)

min_samples_leaf (minimum number of
data points allowed in a leaf node)

min_samples_split (minimum number of
data points in a node before the node is
split)

n_estimator (number of trees in the forest)

[2;3;4;5;6;8;10; 15]

[100; 150; 200; 250; 300;
400; 500; 600; 800; 1000;
1200]

several explanatory variables in each model. Both models
follow the same development and testing process.

In each model, we first identify hyper-parameters, such
as max depth, n estimators, minimum samples split and
minimum samples leaf, used commonly in RF algorithms
[27, 39]. Table 2 provides the hyper-parameters with
short descriptions and ranges obtained from a recent
study [20].

The grid search with a cross-validation method is
applied to select the optimal parameter combinations for
the tuning process. The k-fold cross-validation method is
then used to split the training set (80% of the sample) into
k number of subsets, known as folds. In this study, the
training set is divided into five folds to be evaluated. The
model is trained using the first four folds and validated
with the fifth fold. In the second iteration, the training is
repeated on the second, third, fourth, and fifth folds and
evaluated on the first fold. This procedure is repeated five
times so that each time the evaluation is on a different
fold. Following this, the scores from each run are aver-
aged, and the optimal model is identified. By averaging
out all the validation scores, an optimal model is attained
[33]. Following this, we assess the model’s predictive per-
formance solely on the test set (20% of the sample) to
reduce potential bias [20]. Using Eq. 1 below, the accu-
racy metric is obtained for each model developed.

number of correct predictions

Accuracy = (1)

total number of records

As an essential component of RFs, feature importance
is obtained to visually represent each feature’s relative

Patient-related Percentage

determinants

1.1_Nationality Locals 89.1
Foreigners 109

1.2_Gender Male 543
Female 45.7

1.3_Age Age group 1 (<21) 7.3
Age group 2 (21 to 30) 229
Age group 3 (30 to 40) 221
Age group 4 (40 to 50) 346
Age group 5 (50 to 65) 127
Age group 6 (>65) 0.5

14_PTN New patient 784
Established patient 21.7

importance (also known as determinant) on the trained
model [33]. The importance of each feature is calculated
by Mean Decrease in Impurity (MDI), described as the
total reduction in node impurity averaged over all ensem-
ble trees [27].

Following the RFs, radar charts are generated to deter-
mine which of four question types—demographics, pro-
cedure, behaviour, and time—most influence patient
satisfaction according to the weighted average of the fea-
ture importance scores.

Results

Table 3 summarizes the responses to the patient-related
determinant questions in percentages. Of the sample,
89.1% were locals, while the remaining 10.9% were for-
eigners. More male than female respondents filled out
the survey (54.3% and 45.7%, respectively). Patients over
the age of 65 constituted 34.6% of admitted patients. New
patients comprised 78.4% of respondents.

Following the descriptive results, a reliability analysis
was conducted to verify the internal consistency in time,
behaviour, and procedure-related questions. Results
showed that the Cronbach’s alpha of each determinant
type in each patient journey stage is above 0.9, provid-
ing validation for the specific variables’ aggregation into a
single type of question.
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Prediction results

Table 4 illustrates the hyper-parameter values used in
each model along with the average accuracy score. We
measured the accuracy values as 0.78 and 0.93 in the
registration and consultation stages, respectively. In
light of these results, it can be said that the models are
capable of predicting the test data.

In the registration model, the best possible hyper-
parameter combination consists of 100 estimators, two
samples as the minimum requirement to split an inter-
nal node, two samples as the minimum for a leaf node,
and a maximum depth of 10. In the consultation model,
the optimal value for estimators is 150; seven samples
were required as the minimum for splitting an internal

Table 4 Results of random forest models

Performance metric/ Model 1: registration Model 2:
hyper-parameters process consultation
process
Accuracy 0.78 0.93
Hyper-parameters
max_depth 10 10
min_sample_leaf 2 2
min_sample_split 2 7
n_estimators 100 150
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node. Two samples were the minimum for a leaf node,
and the maximum depth was 10.

Feature importance analysis

After training the algorithm and optimizing the model,
the variables’ feature importance scores were plotted for
Model 1 and Model 2. Figure 1 demonstrates the feature
importance ranking for the registration model. The y-axis
represents the explanatory variables, while the x-axis
represents the feature importance score. The explanatory
variables—i.e., the survey questions relevant to the regis-
tration—are ranked from highest to lowest. In the regis-
tration stage, the “1.3_Age” variable obtained the highest
score in this model, followed by the variable “1.1_Nation-
ality,” which also belongs to patient-related determinants.
The third important variable in this model is “CT3_S;
which refers to the survey question “Total time taken for
registration” and belongs to the provider-related deter-
minants category. The “1.4_PTN” and “1.2_Gender” vari-
ables also have high feature importance scores.

These results indicate that patient-related determinants
are among the top five drivers in this model, emphasiz-
ing their importance in driving patient satisfaction in the
registration stages. The variables “CB2_S” and “CB1_S"—
which correspond to the survey questions “Profes-
sionalism of the registration staff’s appearance” and
“Approachable and smiling manner of the registration

1.3_Age
1.1_Nationality
CT3_S

1.4 PTN
1.2_Gender
cr2_s
ceLs
cess
ces_s
cr2s |
ce_s |
ce3_s [N
ce2_s
csis

0 0.02 0.04 0.06

Fig. 1 Model 1: feature importance summary for the registration stage

0.08

Model 1 - Feature importance summary for the registration stage

0.1 0.12 0.14 0.16 0.18 0.2
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staff;’ respectively—had the lowest feature importance
score.

Table 5 shows that two of the three main drivers among
provider-related determinants are related to the “time”
question type in the registration stage, while none are
related to the “behaviour” type.

Using a radar chart, we used the feature importance
score results and clustered them to understand which
type of questions (i.e., demographic, time, procedure,
or behaviour) has the greatest influence. The value was
obtained by finding the average of all feature importance
scores corresponding to all variables belonging to each
question, then dividing that average by the sum of the
averages of all question types.

Figure 2 illustrates the importance score for each ques-
tion type in the registration model. The results showed
that “demographics” was the dominant question type in
the registration model, as it had the highest importance
score, followed by the “time” question type.

Figure 3 illustrates the feature importance for the con-
sultation model. Similar to the registration model, “1.3_
Age” is the top-ranked variable here. The second most
important variable for this model was “EB4_S,” which
corresponds to “Attentiveness and knowledge of the doc-
tor/physician while listening to your queries,” followed by
“ET3_S,” which corresponds to “Waiting time to see the
doctor/physician” The “EP4_S” variable, corresponding
to “Doctor/physician’s explanation of the next steps in
treatment (e.g., tests, medications, etc.),” was of moderate
importance. Unlike the previous model, patient-related
determinant attributes were not the leading drivers
in this model. The variable which least contributed to
patient satisfaction in this model is “EP1_S,” which cor-
responds to the “Doctor’s level of awareness of previously
collected data (history and physical)” survey question.

Table 6 shows the top three drivers of patient-related
determinants. However, two of these variables—“1.4_
PTN” and “1.2_Gender”—contribute less to patient sat-
isfaction levels, as their feature importance scores are
relatively low. The leading drivers among provider-related
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Fig. 2 Radar chart for the registration stage

determinants are from different question types (behav-
iour, time and procedure).

Figure 4 shows the radar chart for the consultation
stage. The results show that the “behaviour” question
type has the highest feature importance score, making it
the most influential type of question in the consultation
stage, followed by the “demographics” and “procedure”
types. This indicates the critical role of provider-related
determinants in the consultation stage compared to the
registration stage.

After demonstrating our results and analysis, it is
important to discuss the findings using the existing lit-
erature. The following section, therefore, discusses our
results in further detail.

Discussion
In this study, the random forest algorithm was developed
and used to identify the main drivers contributing to
patient satisfaction in each patient journey stage.

In the model developed for the registration stage,
the most important attributes were patient-related

Table 5 Top three drivers of patient satisfaction in the registration stage

Determinants Rank Importance score Question code Survey question
Patient-related determinants Tst 0.20 1.3_Age Age group

2nd 0.11 1.1_Nationality Nationality

3rd 0.10 14_PTN Patient type (e.g., new patient and established patient)
Provider-related determinants 1st 0.11 CT3_S Total time taken for registration (time-related)

2nd 0.07 CT2_S Time taken upon arrival to acknowledge you at the

registration desk (time-related)
3rd 0.07 CP1_S Knowledge of the registration staff whilst handling the

registration process (procedure-related)
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Fig. 3 Model 2: feature importance summary for the consultation stage

Model 2 - Feature importance summary for the consultation stage
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Table 6 Top three drivers of patient satisfaction in the consultation stage

Determinants Rank Importance Question code Survey question
score

Patient-related determinants 1st 0.14 1.3_Age Age group
2nd 0.06 14_PTN Patient type (e.g., new patient and established patient)
3rd 0.05 1.2_Gender Gender

Provider-related determinants Tst 0.14 EB4_S Attentiveness and knowledge of the Doctor/Physician

while listening to your queries (behaviour-related)

2nd 0.10 ET3_S Waiting time to see the Doctor/Physician (time-related)
3rd 0.09 EP4_S Doctor/Physician’s explanation of the next steps in

treatment (e.g., tests, medications, etc.) (procedure-
related)

determinants and belonged to the “demographics” ques-
tion type, as indicated in the radar chart. The variable
“1.3_Age’, which refers to the patient’s age, was the most
important of all variables belonging to the “demograph-
ics” question type, based on the feature importance
scores. This result is reasonable since age is considered
one of the most important factors influencing patient sat-
isfaction [40].

Based on the feature importance scores, “1.4_ PTN"—
which refers to whether a patient is a new or established
patient—was the third most important attribute in the
registration model. This attribute’s importance in influ-
encing patient satisfaction was also found in another

study, which showed that frequent visits to the hospital
have a potential effect on patient satisfaction [41]. Fur-
ther, the “1.1_Nationality” attribute was the second most
important attribute in the registration model, which indi-
cates that this attribute influences patient satisfaction.
These findings are consistent with earlier research show-
ing that factors such as age and nationality are associated
with patient satisfaction [42].

In the consultation model, the radar chart showed that
the most influential type of question is the “behaviour”
type. This indicates that, in this clinical stage, provider-
related determinants belonging to the “behaviour” ques-
tion type were most important and influenced patient
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Fig. 4 Radar chart for the consultation stage

satisfaction. Most of the time, patients recommend a
medical facility to others according to physicians’ affec-
tive behaviours [43]. According to the feature importance
score, the survey question “Attentiveness and knowledge
of the doctor/physician while listening to your queries”
(considered a “behaviour” question) was most impor-
tant in the provider-related determinant category. This
finding is consistent with earlier findings that a provid-
er’s communication skills, listening skills, and nonver-
bal communication skills are positively associated with
patient satisfaction [1]. This emphasizes the crucial role
of providers’ affective behaviours in dealing with their
patients.

In the registration model, patient-related determinant
attributes were dominant, as mentioned earlier. In this
model, the first and second most important variables
are “Total time taken for registration” and “Time taken
upon arrival to acknowledge you at the registration desk,’
respectively. These two variables are also “time” ques-
tions. Having two variables that belong to time questions
as top drivers in the registration model is not surprising.
Earlier research has shown a tight correlation between
wait time and patient satisfaction [6, 44]. Long waiting
times, which may result from inefficient use of available
capacity or poor design of services, are associated with
decreased patient satisfaction [44, 45]. The third most
important variable in the registration model is “Knowl-
edge of the registration staff whilst handling the registra-
tion process,” which is also procedure-related.

In the consultation model, the attributes in the
“Patient-related determinant” category did not play a
significant role in patient satisfaction. However, the
variables in the provider-related determinant category
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that belonged to the “behaviour” question category
were dominant. According to the feature importance
scores, the most important variable is “Attentiveness
and knowledge of the doctor/physician while listen-
ing to your queries”. As pointed out in the literature,
healthcare professionals’ perceived competency is
linked with patient satisfaction [1]. The second most
important variable was “Waiting time to see the doc-
tor/physician,” which is a “time” question. Finally, the
third most important variable is the “Doctor/physi-
cian’s explanation of the next steps in treatment (e.g.,
tests, medications, etc.),” which is a “procedure” ques-
tion. The role of healthcare professionals is essential
in providing support and information. Therefore, their
competence in providing treatment options and deci-
sions may be linked with patient satisfaction [1].

The results of this section can be summarized in
two main observations. First, the attributes relevant
to patient-related determinants and belonging to the
“demographics” question type were dominant in the
registration stage. This is due to the high feature impor-
tance score of the attributes included in the “demo-
graphics” type of question. The “1.3_Age” attribute was
ranked first in the registration model, which indicates
the importance of such an attribute and its influence on
patient satisfaction. Second, the most influential type
of question in the consultation process is “behaviour’,
which falls in the provider-related determinant cate-
gory. The variable that was ranked first here was “Atten-
tiveness and knowledge of the doctor/physician while
listening to your queries,” highlighting the importance
of the role of providers’ communication skills in dealing
with patients.

The RF algorithm developed in this study provided
significant insight on feature importance in both patient
journey stages. It should be noted that the RF algorithms,
like many other machine learning algorithms, are open to
improvement through tuning parameters to provide bet-
ter accuracy. Although we applied grid search analysis for
tuning, future studies may benefit more from thorough
optimization of the hyper-parameters to identify their
best possible combination to provide more accurate pre-
dictions. Future studies can also evaluate supervised and
unsupervised algorithms to explore their accuracy in pre-
dicting patient satisfaction drivers.

This study has several limitations. As survey data is
specific to a particular hospital, the RF results’ transfer-
ability may be limited to other hospitals and medical
institutions. Therefore, the generalizability of our results
to other healthcare settings also remains unclear. Future
studies may benefit from using a similar method to per-
form prediction and feature importance analysis with
their patient satisfaction survey data.
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Conclusions

In this research, we presented survey analysis results
to understand the key drivers of patient satisfaction in
two of the typical patient journey stages. The RF mod-
els captured important limitations in the existing litera-
ture on patient satisfaction determinants as most of the
earlier studies tackled an insufficient number of deter-
minants without reflecting their relative importance
to satisfaction. Further, the algorithm addressed the
complex relationship between the variables. The ran-
dom forest classifier was used to identify the different
determinants of patient satisfaction. The algorithm was
implemented and validated on patient satisfaction sur-
vey data containing responses from 411 patients from
a hospital in Abu Dhabi, UAE. The key findings of the
applied analysis can be summarized in the following
points:

+ “Age” attribute, a patient-related determinant, was
the leading driver of patient satisfaction in all mod-
els according to its high feature importance score.

« “Total time taken for registration” and “Attentive-
ness and knowledge of the Doctor/Physician while
listening to your queries” were the provider-related
determinants driving patient satisfaction in each
model.

« The radar charts revealed that “demographics” was
the most influential type of question in the registra-
tion model, while “behaviour” was the most influ-
ential in the consultation model.

The main contribution of this study is to identify and
rank the patient satisfaction drivers in two patient jour-
ney stages. Another contribution of this study is the
development of a novel ML algorithm using patient
satisfaction survey data. The results can provide hospi-
tals significant insights into the different determinants
affecting patient satisfaction. To our knowledge, this
is the first study using RFs in the patient satisfaction
context. We conclude that the RFs algorithm exhibited
predictive capability and shed light on the relationship
between specific determinants and overall patient sat-
isfaction. Healthcare organizations invest significant
resources to improve patient satisfaction. The results
of the study may help them prioritize resource usages
based on the importance ranking to achieve sustainable
improvements in the patient satisfaction context.

Abbreviations
RF: Random forest; ML: Machine learning; Al: Artificial intelligence.

Acknowledgements
Not applicable.

Page 8 of 9

Authors’ contributions

MCES conceived the study. AA and RL supported data collection. NA extracted
study data and drafted the article. MS, NA, NK'and EA contributed to the study
design and data synthesis. All revised the manuscript critically for intellectual
content, agreed and approved the final version to be published. All authors
read and approved the final manuscript.

Funding

This publication is based upon work supported by the Khalifa University of
Science and Technology under Award No. RCII-2019-002, Center for Digital
Supply Chain and Operations Management. The funding body had no direct
involvement in the design, data collection, analysis, and interpretation or in
writing the manuscript.

Availability of data and materials
Contact the corresponding author who can connect interested parties to the
data holder.

Declarations

Ethics approval and consent to participate

This study was determined not to constitute human subjects research and
required no further review from the Khalifa University Institutional Review
Board (Protocol #: H18-033). Retrospective and de-identified data are used
with permission from the hospital, but the name is anonymized as kindly
requested by the data holder.

Consent for publication
Not applicable.

Competing interests
The authors declared no potential conflicts of interest with respect to the
authorship and/or publication of this article.

Author details

'Department of Industrial and Systems Engineering, Khalifa University of Sci-
ence and Technology, PO. Box 127788, Abu Dhabi, UAE. 2Mubadala Health-
care, Ipic Square, Abu Dhabi 45005, UAE.

Received: 17 June 2020 Accepted: 5 May 2021
Published online: 13 May 2021

References

1. Batbaatar E, Dorjdagva J, Luvsannyam A, Savino MM, Amenta P. Determi-
nants of patient satisfaction: a systematic review. Perspect Public Health.
2017;137(2):89-101. https://doi.org/10.1177/1757913916634136.

2. Naidu A. Factors affecting patient satisfaction and healthcare quality. Int J
Health Care Qual Assur. 2009;22(4):366-81. https://doi.org/10.1108/09526
860910964834.

3. Schutt RK. Increasing health service access by expanding disease cover-
age and adding patient navigation: challenges for patient satisfaction.
BMC Health Serv Res. 2020;20:10.

4. Epstein KR, Laine C, Farber NJ, Nelson EC, Davidoff F. Patients' perceptions
of office medical practice: judging quality through the patients’eyes. Am
JMed Qual. 1996;11(2):73-80. https://doi.org/10.1177/0885713X9601100
204.

5. Savage R, Armstrong D. Effect of a general practitioner’s consulting style
on patients’satisfaction: a controlled study. BMJ. 1990;301(6758):968-70.

6. Sun J, etal. Reducing waiting time and raising outpatient satisfaction
in a Chinese public tertiary general hospital-an interrupted time series
study. BMC Public Health. 2017;17(1):668. https://doi.org/10.1186/
$12889-017-4667-z.

7. Cheng S-H, Yang M-C, Chiang T-L. Patient satisfaction with and recom-
mendation of a hospital: effects of interpersonal and technical aspects
of hospital care. Int J Qual Health Care J Int Soc Qual Health Care.
2003;15(4):345-55. https://doi.org/10.1093/intghc/mzg045.


https://doi.org/10.1177/1757913916634136
https://doi.org/10.1108/09526860910964834
https://doi.org/10.1108/09526860910964834
https://doi.org/10.1177/0885713X9601100204
https://doi.org/10.1177/0885713X9601100204
https://doi.org/10.1186/s12889-017-4667-z
https://doi.org/10.1186/s12889-017-4667-z
https://doi.org/10.1093/intqhc/mzg045

Simsekler et al. BMC Med Inform Decis Mak (2021) 21:157

20.

21.

22.

23.

24.

25.

26.

27.

28.

Anderson RT, Camacho FT, Balkrishnan R. Willing to wait?: the influence of
patient wait time on satisfaction with primary care. BMC Health Serv Res.
2007;7(1):31. https://doi.org/10.1186/1472-6963-7-31.

Gill L, White L. A critical review of patient satisfaction. Leadersh Health
Serv. 2009;22(1):8-19. https://doi.org/10.1108/17511870910927994.
Quintana JM, et al. Predictors of patient satisfaction with hospital

health care. BMC Health Serv Res. 2006;6:102. https://doi.org/10.1186/
1472-6963-6-102.

. Rosenthal GE, Shannon SE. The use of patient perceptions in the

evaluation of health-care delivery systems. Med Care. 1997,35(11
Suppl):NS58-68. https://doi.org/10.1097/00005650-199711001-00007.
Victoor A, Delnoij DM, Friele RD, Rademakers JJ. Determinants of patient
choice of healthcare providers: a scoping review. BMC Health Serv Res.
2012;12(1):272. https://doi.org/10.1186/1472-6963-12-272.

Myburgh NG, Solanki GC, Smith MJ, Lalloo R. Patient satisfaction

with health care providers in South Africa: the influences of race and
socioeconomic status. Int J Qual Health Care J Int Soc Qual Health Care.
2005;17(6):473-7. https://doi.org/10.1093/intghc/mzi062.

Vranceanu A-M, Ring D. Factors associated with patient satisfaction. J
Hand Surg. 2011;36(9):1504-8. https://doi.org/10.1016/jjhsa.2011.06.001.
llioudi S, Lazakidou A, Tsironi M. Importance of patient satisfaction meas-
urement and electronic surveys: methodology and potential benefits. Int
J Health Res Innov. 2013;1:67-87.

Marcinowicz L, Chlabicz S, Grebowski R. Patient satisfaction with health-
care provided by family doctors: primary dimensions and an attempt at
typology. BMC Health Serv Res. 2009;9(1):63. https://doi.org/10.1186/
1472-6963-9-63.

Aharony L, Strasser S.'Patient satisfaction: what we know about and what
we still need to explore. Med Care Rev. 1993;50:49-79. https://doi.org/10.
1177/002570879305000104.

Birhanu Z, Assefa T, Woldie M, Morankar S. Determinants of satisfaction
with health care provider interactions at health centres in central Ethio-
pia: a cross sectional study. BMC Health Serv Res. 2010;10(1):78. https://
doi.org/10.1186/1472-6963-10-78.

Danielsen K, Bjertnaes OA, Garratt A, Forland O, Iversen HH, Hunskaar S.
The association between demographic factors, user reported experi-
ences and user satisfaction: results from three casualty clinics in Norway.
BMC Fam Pract. 2010;11:73. https://doi.org/10.1186/1471-2296-11-73.
Papadopoulos S, Azar E, Woon W-L, Kontokosta CE. Evaluation of tree-
based ensemble learning algorithms for building energy performance
estimation. J Build Perform Simul. 2018;11(3):322-32. https://doi.org/10.
1080/19401493.2017.1354919.

Al-Janabi S, Alkaim AF. A nifty collaborative analysis to predicting a novel
tool (DRFLLS) for missing values estimation. Soft Comput. 2020;24(1):555—
69. https://doi.org/10.1007/500500-019-03972-x.

Alibasic A, Simsekler MCE, Kurfess T, Woon WL, Omar MA. Utilizing data
science techniques to analyze skill and demand changes in healthcare
occupations: case study on USA and UAE healthcare sector. Soft Comput.
2020;24(7):4959-76. https://doi.org/10.1007/500500-019-04247-1.
Ellahham S, Ellahham N, Simsekler MCE. Application of artificial intel-
ligence in the health care safety context: opportunities and challenges.
Am J Med Qual. 2019. https://doi.org/10.1177/1062860619878515.
Simsekler MCE, Qazi A. Adoption of a data-driven Bayesian belief network
investigating organizational factors that influence patient safety. Risk
Anal. 2020. https://doi.org/10.1111/risa.13610.

Hajjem A, Bellavance F, Larocque D. Mixed-effects random forest for
clustered data. J Stat Comput Simul. 2014;84(6):1313-28. https://doi.org/
10.1080/00949655.2012.741599.

McWilliams CJ, et al. " Towards a decision support tool for intensive

care discharge: machine learning algorithm development using
electronic healthcare data from MIMIC-IIl and Bristol, UK. BMJ Open.
2019,9(3):025925. https://doi.org/10.1136/bmjopen-2018-025925.
Simsekler MCE, Qazi A, Alalami MA, Ellahham S, Ozonoff A. Evaluation of
patient safety culture using a random forest algorithm. Reliab Eng Syst
Saf. 2020;204:107186. https://doi.org/10.1016/j.ress.2020.107186.

Wei P, Lu Z, Song J. Variable importance analysis: a comprehensive review.
Reliab Eng Syst Saf. 2015;142:399-432. https://doi.org/10.1016/j.ress.2015.
05.018.

Page 9 of 9

29. Al-Janabi S, Mahdi MA. Evaluation prediction techniques to achievement
an optimal biomedical analysis. Int J Grid Util Comput. 2019;10(5):512-27.
https://doi.org/10.1504/1JGUC.2019.102021.

30. Medl A. Time frequency and wavelets in biomedical signal processing.
IEEE Eng Med Biol Mag. 1998;17(6):15-97. https://doi.org/10.1109/MEMB.
1998.731313.

31. Storlie CB, Swiler LP, Helton JC, Sallaberry CJ. Implementation and
evaluation of nonparametric regression procedures for sensitivity
analysis of computationally demanding models. Reliab Eng Syst Saf.
2009;94(11):1735-63. https://doi.org/10.1016/j.ress.2009.05.007.

32. Rachman A, Ratnayake RMC. Machine learning approach for risk-based
inspection screening assessment. Reliab Eng Syst Saf. 2019;185:518-32.
https://doi.org/10.1016/j.ress.2019.02.008.

33. Geron A. Hands-on machine learning with Scikit-Learn, Keras, and Ten-
sorFlow: concepts, tools, and techniques to build intelligent systems. 2nd
New. Sebastopol: O'Reilly Media, Inc; 2019.

34. Kabir E, Guikema S, Kane B. Statistical modeling of tree failures during
storms. Reliab Eng Syst Saf. 2018;177:68-79. https://doi.org/10.1016/j.ress.
2018.04.026.

35. Verikas A, Gelzinis A, Bacauskiene M. Mining data with random forests:

a survey and results of new tests. Pattern Recognit. 2011,44(2):330-49.
https://doi.org/10.1016/j.patcog.2010.08.011.

36. Biau G, Devroye L, Lugosi G. Consistency of random forests and other
averaging classifiers. J Mach Learn Res. 2008;9:2015-33.

37. Gurm HS, Kooiman J, LaLonde T, Grines C, Share D, Seth M. A random
forest based risk model for reliable and accurate prediction of receipt of
transfusion in patients undergoing percutaneous coronary intervention.
PLoS ONE. 2014. https://doi.org/10.1371/journal.pone.0096385.

38. Simsekler MCE, Rodrigues C, Qazi A, Ellahham S, Ozonoff A. A compara-
tive study of patient and staff safety evaluation using tree-based machine
learning algorithms. Reliab Eng Syst Saf. 2021;208:107416. https://doi.org/
10.1016/j.ress.2020.107416.

39. Probst P, Wright MN, Boulesteix A-L. Hyperparameters and tuning strate-
gies for random forest. WIREs Data Min Knowl Discov. 2019,9(3):e1301.
https://doi.org/10.1002/widm.1301.

40. Rahmaqvist M. Patient satisfaction in relation to age, health status and
other background factors: a model for comparisons of care units. Int J
Qual Health Care. 2001;13(5):385-90. https://doi.org/10.1093/intghc/13.5.
385.

41. Qatari G, Haran D. Determinants of users'satisfaction with primary
health care settings and services in Saudi Arabia. Int J Qual Health Care.
1999;11(6):523-31. https://doi.org/10.1093/intghc/11.6.523.

42. Alturki M, Khan TM. A study investigating the level of satisfaction
with the health services provided by the pharmacist at ENT hospital,
Eastern Region Alahsah, Kingdom of Saudi Arabia. Saudi Pharm J SPJ.
2013;21(3):255-60. https://doi.org/10.1016/}sps.2012.09.001.

43. Jenkinson C. Patients’ experiences and satisfaction with health care:
results of a questionnaire study of specific aspects of care. Qual Saf
Health Care. 2002;11(4):335-9. https://doi.org/10.1136/ghc.11.4.335.

44. Sothern S. How to significantly reduce inpatient admission times and
improve patient satisfaction. HealthCatalyst. 2016. https://www.healt
hcatalyst.com/success_stories/inpatient-admission-process-thibodaux.
Accessed 09 Mar 2020.

45. Gulliford M, et al. What does “access to health care”mean? J Health Serv
Res Policy. 2002;7(3):186-8. https://doi.org/10.1258/135581902760082
517.

46. Sheppard K. Introduction to Python for econometric, statistics and data
analysis. Oxford: University of Oxford; 2018. p. 427.

47. Embarak O. Data analysis and visualization using Python: analyze data to
create visualizations for Bl systems. Berkeley, CA: Apress; 2018.

48. Pedregosa F, et al. Scikit-learn: machine learning in Python. Mach Learn
PYTHON. 2011;12:6.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.


https://doi.org/10.1186/1472-6963-7-31
https://doi.org/10.1108/17511870910927994
https://doi.org/10.1186/1472-6963-6-102
https://doi.org/10.1186/1472-6963-6-102
https://doi.org/10.1097/00005650-199711001-00007
https://doi.org/10.1186/1472-6963-12-272
https://doi.org/10.1093/intqhc/mzi062
https://doi.org/10.1016/j.jhsa.2011.06.001
https://doi.org/10.1186/1472-6963-9-63
https://doi.org/10.1186/1472-6963-9-63
https://doi.org/10.1177/002570879305000104
https://doi.org/10.1177/002570879305000104
https://doi.org/10.1186/1472-6963-10-78
https://doi.org/10.1186/1472-6963-10-78
https://doi.org/10.1186/1471-2296-11-73
https://doi.org/10.1080/19401493.2017.1354919
https://doi.org/10.1080/19401493.2017.1354919
https://doi.org/10.1007/s00500-019-03972-x
https://doi.org/10.1007/s00500-019-04247-1
https://doi.org/10.1177/1062860619878515
https://doi.org/10.1111/risa.13610
https://doi.org/10.1080/00949655.2012.741599
https://doi.org/10.1080/00949655.2012.741599
https://doi.org/10.1136/bmjopen-2018-025925
https://doi.org/10.1016/j.ress.2020.107186
https://doi.org/10.1016/j.ress.2015.05.018
https://doi.org/10.1016/j.ress.2015.05.018
https://doi.org/10.1504/IJGUC.2019.102021
https://doi.org/10.1109/MEMB.1998.731313
https://doi.org/10.1109/MEMB.1998.731313
https://doi.org/10.1016/j.ress.2009.05.007
https://doi.org/10.1016/j.ress.2019.02.008
https://doi.org/10.1016/j.ress.2018.04.026
https://doi.org/10.1016/j.ress.2018.04.026
https://doi.org/10.1016/j.patcog.2010.08.011
https://doi.org/10.1371/journal.pone.0096385
https://doi.org/10.1016/j.ress.2020.107416
https://doi.org/10.1016/j.ress.2020.107416
https://doi.org/10.1002/widm.1301
https://doi.org/10.1093/intqhc/13.5.385
https://doi.org/10.1093/intqhc/13.5.385
https://doi.org/10.1093/intqhc/11.6.523
https://doi.org/10.1016/j.jsps.2012.09.001
https://doi.org/10.1136/qhc.11.4.335
https://www.healthcatalyst.com/success_stories/inpatient-admission-process-thibodaux
https://www.healthcatalyst.com/success_stories/inpatient-admission-process-thibodaux
https://doi.org/10.1258/135581902760082517
https://doi.org/10.1258/135581902760082517

	Exploring drivers of patient satisfaction using a random forest algorithm
	Abstract 
	Background: 
	Methods: 
	Results: 
	Conclusions: 

	Background
	Patient satisfaction
	Random forests
	Study aims

	Methods
	Data source
	Procedure

	Results
	Prediction results
	Feature importance analysis

	Discussion
	Conclusions
	Acknowledgements
	References


