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A R T I C L E I N F O
Keywords:
 Objective: Patient-physician communication affects cancer patients' satisfaction, health outcomes, and reimbursement
for physician services. Our objective is to use machine learning to comprehensively examine the association between
patient satisfaction and physician factors in clinical consultations about cancer prognosis and pain.
Methods: We used data from audio-recorded, transcribed communications between physicians and standardized pa-
tients (SPs). We analyzed the data using logistic regression (LR) and random forests (RF).
Results: The LR models suggested that lower patient satisfaction was associated with more in-depth prognosis discus-
sion; and higher patient satisfaction was associated with a greater extent of shared decision making, patient being
black, and doctor being young. Conversely, the RFmodels suggested the opposite association with the same set of var-
iables.
Conclusion: Somewhat contradicting results from distinct machine learning models suggested possible confounding
factors (hidden variables) in prognosis discussion, shared decision-making, and doctor age, on themodeling of patient
satisfaction. Practitioners should not make inferences with one single data-modelingmethod and enlarge the study co-
hort to help deal with population heterogeneity.
Innovation: Comparing diverse machine learning models (both parametric and non-parametric types) and carefully ap-
plying variable selection methods prior to regression modeling, can enrich the examination of physician factors in
characterizing patient-physician communication outcomes.
Patient-physician communication
Patient satisfaction
Machine learning
Cancer prognosis
Pain management
1. Introduction

Patient satisfaction is a priority for healthcare systems because patients'
HCAHPS (Hospital Consumer Assessment of Healthcare Providers and Sys-
tems) evaluations of healthcare providers affect reimbursement for services
by the Centers for Medicare and Medicaid (CMS). Patients being satisfied
with their care also influences their trust, loyalty and word of mouth on
the care, thus impacting patient retention and referrals for providers [1-
3]. As a result, care providers have incentives to improve their service deliv-
ery to maintain patient satisfaction and remain competitive in the
healthcare market. The benefits of improved delivery include better man-
agement procedures, prioritizing resource allocations and professional
training needs [4,5]. Patients with higher levels of satisfaction are more
likely to follow up doctor's appointments or adhere to recommended treat-
ment options [6-8].

In this study, we examined communication behaviors and physician
characteristics that we hypothesized would differentiate cancer patients
with high satisfaction from the rest and cancer patients with low
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satisfaction from the rest. Understanding the factors affecting patient satis-
faction is the key to improving patient care and satisfaction. There are three
categories of factors [9], including non-modifiable predictors, modifiable
predictors, and environmental determinants [10]. The non-modifiable pre-
dictors include better subjective health [11,12], better functional status
[13], or a lower pain level [14], which are associated with higher satisfac-
tion. Patients' race and communication role are also non-modifiable predic-
tors but they are randomized factors in the original study [15]. Since non-
modifiable predictors are beyond the control of healthcare providers,
they are less helpful in regulating and/or improving patient satisfaction.
On the other hand, modifiable predictors suggest avenues for improvement
such as patient-centered communication (PCC), time spent waiting to see
the physician, and visit duration [14,16-18].

Among these factors, PCC has the strongest impact on patient satisfac-
tion, because of its focus on eliciting patients' perspectives, understanding pa-
tients' environments, developing a shared understanding of the problem, and
sharing the decision-making power with patients [19].We assessed eliciting pa-
tients' perspectives from the communication coding of prognosis and pain
.
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talk, which examined the extent to which physicians explored patients' ex-
periences. Discussions of prognosis and pain were also highly relevant to
patients' environment. Finally, we coded for shared decision-making,
which examined patients' involvement in treatment discussions and deci-
sions for care. When patients report good communication with their physi-
cians, they are more likely to be satisfied with their care [20]. To
physicians, PCC facilitates their comprehension of medical information,
promotes better identification of patient needs, perceptions, and expecta-
tions [21]. Further, PCC is shown to be an indicator of patients' self-care be-
havior and their eventual health outcomes, e.g., increased patient
adherence to medication and treatment, improved recovery from illness,
daily functioning, ability to tolerate pain, and improved patient satisfaction
[22-24]. PCC is highly relevant in the care of cancer patients [25].

In this study, we used standardized patients (SPs) to portray stage 4 lung
cancer patients with uncontrolled pain. SPs were randomly assigned by
race and communication role (activated versus typical) to make unan-
nounced visits to oncologists and primary care physicians who consented
to participate in the study [26]. Uncontrolled pain significantly reduces
cancer patients' satisfaction with care [27]. Poor communication quality
is associated with greater pain intensity and dissatisfaction with care
[28]. Palliative care interventions, designed to increase shared decision-
making about pain management and prognosis discussions, are associated
with improvements in satisfaction [29]. Thus, we hypothesized that SP sat-
isfaction would be positively correlated with pain talk, prognosis talk, and
shared decision making.

Several studies investigated the importance of PCC for cancer patient
satisfaction with pain management. Hagerty et al. [20] found that when
cancer patients report good communication with their physicians, they
are more likely to be satisfied with their care. A qualitative study in
Finland [30] found that participants emphasized the importance of commu-
nication and kindness in addition to a proactive approach to cancer pain as-
sessment. Beck et al. [31] found that factors leading to low satisfaction of
cancer patients, included insufficient information about diagnoses, ques-
tions not being fully answered, and limited explanation about medications
and health conditions. Furthermore, effective pain management relies on
productive patient-physician communication [32-35]. In addition, several
recent studies suggested that racial disparities in health care are correlated
with the differences in patient-physician communication. For example,
Penner et al. [36] found that communication within medical interactions
significantly influences health disparities in cancer treatment between
black and white patients. Studies assessing patient satisfaction via Con-
sumer Assessment of Healthcare Providers and Systems (CAHPS) found
that black patients reported lower satisfaction with patient-physician com-
munication [37-39]. Current evidence highlights the importance of training
physicians to engage in high-quality communication and minimize the ef-
fects of racial discordance by improving patient-centeredness [40].

Previous observational studies of patient-physician communication
about cancer prognosis and pain management examined relationships be-
tween communication behavior and patient satisfaction via traditional cor-
relation analysis and linear regression [41,42]. However, there is
increasing evidence that these statistical techniques have limited power
to explore different potential relationships. Additionally, it is commonly
seen that non-statisticians use univariate significance (e.g., t-test, chi-
square test) to select variables for a regression model. However, such ap-
proachmay reject an important variable when it is confounded by variables
that are not controlled [43]. Machine-learning methods, such as random
forests, rely less on modeling assumptions (e.g., normally distributed and
independent variables), and they can develop models with variables that
cannot be entirely characterized by low-degree statistical moments. As a re-
sult, machine-learning models may provide greater flexibility to explore
nonlinear relationships between communication behavior and patient satis-
faction, and subsequently, extend our understanding of these relationships.
In addition, we examined the joint impact made by physician communica-
tion behavior and their demographic factors on patient satisfaction. More-
over, we showed that the choice of variable selection methods, which is a
common procedure prior to regression modeling, could affect the
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identification of significant independent variables. Overall, this research
is intended to demonstrate the use of machine learning to identify signifi-
cantly influential factors in the context of patient-physician communication
and compare diverse machine learning models to reveal the necessary cau-
tions that should be placed in the data-enabled studies.

2. Methods

This is a secondary analysis of data from a randomized field trial exam-
ining the effects of race and patient activation on opioid prescribing for
stage 4 lung cancer patients [26]. We used data from 187 audio-recorded,
transcribed visits between physicians and standardized patients (SPs) who
portrayed patients with stage 4 lung cancer experiencing uncontrolled
pain. In addition, we asked each SP to complete a satisfaction questionnaire
after each physician visit in which they rated their satisfaction with the
visit.

Because patient satisfaction was skewed toward higher scores, which is
common for patient satisfactionmeasures [44], we transformed patient sat-
isfaction into a 3-level response (i.e., low, medium, and high-level satisfac-
tion). We developed machine learning models for two binary classification
tasks to 1) distinguish patients with high-level satisfaction on the patient-
physician communication from the rest and 2) distinguish patients with
low-level satisfaction from the rest. Our goal is to demonstrate the applica-
bility of machine learning and analyze the differences between machine
learning models in examining the influence of physician factors on patient
satisfaction from clinical consultation about cancer prognosis and pain.

Machine learning techniques have been widely used to help discover
truly complex patterns in data and build accurate prediction models on
the outcomes of interest. However, it may suffer from lack of interpretabil-
ity, its findings on significant variables often raise concerns from the do-
main experts. We compared two types of machine learning models in a
specific healthcare context and selected both logistic regression (a paramet-
ricmodeling approach) and random forests (a non-parametricmodeling ap-
proach) for comparison. In addition, variable selection is a commonly used
procedure before building regression models. We considered three variable
selection methods, namely 1) selection through univariate testing, 2) step-
wise variable selection and 3) least absolute shrinkage and selection opera-
tor (LASSO).

The actual modeling development is summarized here. We first cleaned
raw physician communication behavioral data coded from the transcripts
of their clinical consultation with SPs. We then combined the physician be-
havioral variables together with their demographic variables to form our
data set on independent variables. We finalized the data set by appending
the patient satisfaction response as the label (i.e., high satisfaction vs. not
high; low satisfaction vs. not low) for the supervised binary classification.
We also performed data imputation for the missing entries. We next con-
ducted variable selection for the LR modeling. We then developed both
models and measured their performance metrics for comparative assess-
ment, including area under the curve (AUC), p-value, and adjusted odds
ratio. We also visualized the feature influences using a partial dependent
plot for the RF models developed.

2.1. Data collection

We analyzed a set of secondary data collected from a Social and Behav-
ioral Influences (SBI) study, which was a randomized field experiment con-
ducted in small metropolitan and rural areas of Indiana,Michigan, andNew
York [26]. One purpose of the study was to examine physicians’' pain as-
sessment and treatment decision-making in advanced lung cancer [45].
Fourteen SPs were trained to assume differentiable roles by their race and
activation in the patient-physician communication. For the first role, acti-
vated SPs were trained to ask direct and critical questions about their diag-
nosis, prognosis, and treatment, request information and clarification, and
redirect when their concerns were not addressed. In addition, they were
provided with a list of questions and instructed to interrupt the physician
at least once to ask for clarification. In contrast, those trained as typical



Table 1
Summary statistics of sample data.

Variable Range Mean Std

Prognosis Related Discussion (prognosis_mean) 0 – 8.9 1.1 0.09
Patient-Centered Pain Assessment
(pcc_explore_pain)

3 – 36 24.7 0.5

Routine Pain Assessment (pain_mean) 0 – 21.5 7.8 0.3
Physician Implicit Assessment Test (IAT) Score
(iat)

0.8 – 1.8 0.9 0.04

Physician Word Count (d_percentage_wc) 14 – 100 68 0.008
Physician Using “We” Statements (d_we) 0 – 3.9 1.3 0.05
Physician Using “I” Statements (d_i) 0 – 5.4 2.6 0.07
Shared Decision-Making (sbi_sdm_tot) 12 – 45 29.5 0.6
Physician Age (age) 29 – 80 52.1 12.6
Visit Minutes (visit_min) 8 – 84 33.6 15.4

Proportion
Physician Cut-Off (doc_cut_off) 44%
Primary Care Physician (pcp) 53%
Physician Female (doc_female) 30%
Physician White (doc_white) 64%
SP Black (sp_black) 48%
SP Active (sp_active) 50%
Patient Satisfaction level 1 (low) 22%

level 2
(med)

36%

level 3 41%
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SPs, only asked questions about how to follow through with the treatment,
expressed relatively few concerns, appeared satisfied with the information
offered, and said they understood even when physician explanations were
lacking. Each physician was randomly assigned to see two SPs, both of
the same race. The order of activated and typical SPs was random. SP visits
were anonymous to the physicians and covertly audio-recorded. Physicians
were recruited through direct contact andwith the cooperation of a number
of large practices and health systems. SPs were trained by experienced SP
trainers at each site. Prior to making a visit, SPs performance was rated
by naïve raters to be >90%. Each visit was reviewed for adherence to the
role and feedback was given to SPs. More information can be found in
Shields et al. [45].

Prognosis related discussion. We assessed prognosis and treatment
choice discussions using the Prognostic Treatment Choices Scale (PTCC),
which was developed in a pilot study [46] and recently used in a large ran-
domized intervention trial to improve communication in patients with ad-
vanced cancer [47]. These items assess physicians' communication of
diagnostic and prognostic information and treatment options with patients
with metastatic disease. Sample items are, “Physician asks if the patient
wants to know more about the diagnosis” and “Assessing if patients under-
stand their diagnosis.” Coders noted the presence of prognosis items, which
we summed for a total prognosis score. Scores of each item were capped at
four so that no one item dominated the prognosis total score. The intraclass
correlation coefficient (ICC) for prognosis discussions was 0.73.

Patient-centered pain assessment. Undergraduate research assistants
were trained to code transcripts with the Measure of Physician Pain Assess-
ment (MPPA). TheMPPA codes physicians' explorations of patients' worries
about pain (e.g., “I understand your medication is not controlling your
pain”). This measure was previously developed, piloted and validated for
use in outpatient cancer consultations [48]. The ICC for patient centered
pain assessment was 0.75.

Routine pain assessment. This coded variable assesses routine pain as-
sessment including questions such as pain initiation, location, exacerbating,
and alleviating factors [49]. Coders identified pain assessment and pain dis-
cussion items that we then summed. Scores on each item were truncated at
four so that no one item dominated the total routine pain assessment score.
The ICC for routine pain assessment was 0.85.

Physician implicit association test (IAT) score. This variable measures
a physician's bias toward patients from various racial groups [50-52].
Higher scores mean more racial bias. For example, people can have an im-
plicit preference for white people over black people if they are faster to
complete the task when white people + good / black people + bad are
paired together compared to when black people + good / white people
+ bad are paired together.

Physician word count. We used the Linguistic Inquiry and Word Count
program (LIWC) [53] to calculate the percentage of words physician spoke
during a medical visit.

Physician using “we” statements. We used the LIWC [53] to calculate
the percentage of “we” words. This variable measures the proportion of
physicians' we-statements over their all statements in a visit.

Physician using “I” statements. We used the LIWC [53] to calculate the
percentage of “I” statements physicians made. This variable measures the
proportion of physicians' I-statements over their all statements in a visit.

Shared decision-making. Shared decision-making was coded using the
SDM scale, adapted for chronic conditions from Braddock's Informed Deci-
sionMaking Scale, which has demonstrated high reliability in several stud-
ies in primary care and surgery [54]. The SDM Scale, which identifies nine
elements of shared decision-making, has been shown to reliably assess SDM
in chronic care (mental health consultations) [55]. The scale includes nine
items such as discussion of patient's goals, alternatives for treatment, and
exploration of patient's preferences. Each of the nine items were coded as
absent (0), partial (1), or complete (2). The ICC for routine pain assessment
was 0.53.

Physician cut-off. This dichotomous variable assesses whether a physi-
cian cuts a patient off by changing the topic in a visit.
3

Patient satisfaction. This response variable was measured with a 36-
item 5-point Likert scale that had a Cronbach's alpha = 0.98. The scale
consisted of three-items about satisfaction, five-items about empathy,
seven-items about physician nonverbal behaviors, and eighteen-items
about communication. Each subscale had a Cronbach's alpha ≥0.90.

Additionally, we extracted nine variables from patient questionnaires
and medical records, including doctor demographics. Physicians (n = 96)
were predominantly middle-aged (mean = 52.1, SD = 12.6), white
(64%), male (59%), primary care physician (45%), and oncologists
(55%). SPs had a range of 8–84 min for each visit. One site was able to en-
roll only six physicians. Sex was approximately equal for family physicians,
but only 32% of oncologists were female.

The summary statistics are reported in Table 1. In this study, we were
interested in examining communication and demographic factors that can
influence the group of patients with high-level satisfaction from the rest
and the group of patients with low-level satisfaction from the rest. We
thus regrouped the three levels of patient satisfaction to generate two bi-
nary outcomes: 1) low satisfaction (level 1) and not-low satisfaction (levels
2 and 3) and 2) high satisfaction (level 3) and not-high satisfaction (levels 1
and 2). Lastly, we created two interaction terms (i.e., iat_sp_black4 for the
combination of iat and sp_black4; iat_sp_active4 for the combination of iat
and sp_active4) since we speculated there could be implicit bias toward ei-
ther SP type (i.e., being black or being active).

2.2. Analysis

Weused the R package ‘MICE’ to imputemissing values. Specifically, we
implemented predictivemeanmatching (PMM), a semi-parametric imputa-
tion approach [56,57]. It works similarly to regression imputation, except
that it fills in a value randomly from a set of candidate donor values for
each missing entry. These candidate donor values are drawn from all com-
pleting cases whose predictions are closest to the predicted values for the
missing entry. We elected to use LR for binary variables and multiple re-
gression for real-numbered variables.

We applied binary LR and RF tomodel the relationship between patient
satisfaction as binary response with quantified communication and demo-
graphic factors as exploratory variables or features. With LR, we incorpo-
rated three subsets of features from univariate testing, stepwise variable
selection, and LASSO variable selection, respectively. With univariate test-
ing, we performed a t-test for continuous variables and a chi-square test for
(high)



Table 2
AUC with LR and RF models.

Logistic regression (univariate) Logistic regression (stepwise) Logistic regression (LASSO) Random Forest

Low satisfaction 0.83 0.84 0.83 0.97
High satisfaction 0.75 0.76 0.75 0.96
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categorical variables, and then selected exploratory variables with p values
greater than 0.05. The (forward) stepwise variable selection [58] method
started with an LRmodel with no variables, and iteratively testing if the ad-
dition of a variable would decrease the Akaike information criteria (AIC)
value, which is a goodness-of-fit measure based on likelihood function
and penalized by the number of variables in the model. LASSO variable se-
lection [59] performs both variable selection and regularization to improve
model prediction accuracy and interpretability by forcing the summed ab-
solute value of the regression coefficients to be less than a fixed value, re-
sulting from forcing some coefficients to zero to reduce model overfitting.
With each subset of selected exploratory variables, we built one LR model
for either binary response (i.e., low satisfaction vs. not-low satisfaction
and high satisfaction vs. not-high satisfaction). In total, we built six LR
models. In addition, we built one RF model with all available data fields
as features and either response as above. A RF model randomly generates
multiple decision trees with random subsets of features and by
bootstrapping the data. Then the RF model can learn from all the decision
trees and provide an aggregated prediction. We used R package ‘Caret’ to-
gether with the ‘cforest’ method to construct the unbiased RF models
[60], since continuous and categorical variables together can bias the vari-
able importance measure from RF.

We estimated adjusted odds ratios (ORs) and computed the correspond-
ing 95% confidence intervals (CIs) on each exploratory variable of the LR
models. We also computed the area under the receiver operating character-
istics (ROC) curve (AUC) as the discriminationmeasure to compare the con-
structed LR and RF models. Additionally, we computed variable
importance scores for the RF models to compare the features considered
more influential by the RF models against the dependent variables tested
significantly by the LR models. In the context of RF modeling, variable im-
portance is defined as the increase in the model prediction error when we
randomly shuffled the values of the variables. The shuffling breaks the rela-
tionship between the features and the response [61]. A variable is consid-
ered important if shuffling its values degrades the performance. We
Fig. 1. Variable
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further explored their interpretability by using partial dependence plots
(PDP) [62]. PDP, proposed by Friedman [63], works well for exploring
the interpretability of “black-box” machine learning models. They can
show the dependence between the response and desired features while av-
eraged over the values of all other features that are complement.We used R
version 4.0.2 to perform all the data analyses.

3. Results

Table 2 shows the area under the receiver operating characteristics
(ROC) curves (AUC) for the 6 LR models and 2 RF models developed. All
the LR models had good discriminatory power for low patient satisfaction
(AUC above 0.8), while they only had fair discriminatory power for high
patient satisfaction (AUC 0.7–0.8). In contrast, both RF models had almost
perfect AUC (0.97 for low satisfaction and 0.96 for high satisfaction). We
admit that the perfect AUC is likely attributed to overfitting of the RF
models, as is well known in machine learning literature. We emphasize
that we used the RF models to offer a perspective potentially as a comple-
ment to the LF models in interpreting features associated with patient satis-
faction.

Fig. 1 presents the importance scores for all features of the two RF
models. All variables were ranked by the descending order of the impor-
tance scores from the most to the least important. In contrast to the LR
models, the RF models did not provide p-values to tell which variables are
statistically significant. Instead, variable importance score can only tell
what variables are more important in a relative manner. We used an arbi-
trary threshold of 0.005 to select the relatively more important variables
by the RF models for high satisfaction and low satisfaction. With the RF
model of low satisfaction, five variables were above the threshold in de-
scending order: patients being black (sp_black), depth of discussion about
prognosis (prognosis_mean), implicit bias toward black people
(iat_sp_black), doctor word count percentage (d_percent_wc), doctor age
(doc_age), and visit duration (visit_min). The variable depth of prognosis
importance.



Fig. 2. Partial dependence plot (low satisfaction).
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discussion was recognized as relatively important and statistically signifi-
cant by both modeling methods. With the RF model of high satisfaction,
four variables exceeded a threshold of 0.005 (descending order): patients
being black (sp_black), doctor age (doc_age), extent of making the decision
jointly (sbi_sdm_tot), and implicit bias toward patient race (iat). Both RF
Fig. 3. Partial dependence
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and LR models suggested three factors, patient being black, doctor age,
and degree of shared decision-making,would be relatively important or sta-
tistically significant.

Figs. 2 and 3 present the partial dependence plots, which show depen-
dence between the response and a set of desired variables (usually one or
plot (high satisfaction).
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two) while marginalizing over the values of all other variables that comple-
ment the chosen variables. We showed the top five variables in terms of the
RF variable importance score for low satisfaction and the top four variables
for high satisfaction, respectively. The x-axis shows the value of each top
variable and the y-axis shows the prediction on a patient's probability of be-
coming quite satisfied or quite unsatisfied. Fig. 2 suggested the following
for characterizing low patient satisfaction. One, white patients had a prob-
ability 15% higher on being quite unsatisfied compared to black patients.
Two, there was a sharp increase on the probability of low satisfaction
when the depth of the prognosis discussion dropped below 2.2. Three, a pa-
tient's probability of being quite unsatisfied dropped up to 6% when the
score of implicit bias toward black patients became greater than 0.6.
Four, a patient's probability of getting quite unsatisfied remained at 30%
until the doctor's word count percentage during the consultation was
above 50%, and dropped to 18% when the doctor word count percentage
exceeded 75%. Five, increasing doctor age from 40 to 80 led to a 12% in-
crease in a patient's probability of getting quite unsatisfied, and this proba-
bility increased faster for doctors aged 60 years or old. Fig. 3 suggested the
following for characterizing high patient satisfaction. One, a white patient
increased by 20% her probability of getting quite satisfied compared to a
black patient. Two, a patient's probability of getting quite satisfied in-
creased from 45% to 70% when a doctor's age increased from 30 to 80,
and the probability increased particularly fast for doctors in their forties.
Three, an increased degree of shared decision making led to a decrease
on someone's probability of being quite satisfied, i.e., decreasing from
65% to 49%.

Table 3 presents the results from the constructed LR models for the two
responses with respect to each of the three variable subsets selected by uni-
variate analysis, stepwise selection, and LASSO, respectively. That is, three
LR models for high patient satisfaction and three LR models for low patient
satisfaction. A blank cell in the table means that the variable was not se-
lected by the corresponding variable selection method. In applying LR to
modeling low patient satisfaction, variables that were selected by all
three models (i.e., statistically significant with p-value<0.05), included
depth of prognosis discussion (prognosis_mean, univariate: OR = 2.53,
95% CI 1.43–4.48; stepwise: OR = 2.57, 95% CI 1.45–4.58; LASSO: OR
= 2.41, 95% CI 1.35–4.29) and doctors being female (doc_female, univari-
ate: OR = 3.68, 95% CI 1.44–9.43; stepwise: OR = 1.28, 95% CI
1.71–10.68; LASSO: OR = 3.57, 95% CI 1.39–9.14). Only in the LR
model with stepwise selection, variable patient being black (sp_black, OR
= 11.71, 95% CI 3.35–40.85) was selected additionally. However, vari-
ables doc_age and iat_sp_black, were not included as they were by the other
two variable selection methods. All the three LR models on low satisfaction
suggested that more in-depth prognosis discussion and doctors being fe-
male were associated with higher odds of low satisfaction. In applying LR
to interpreting the high patient satisfaction, variables that were selected
by all three models, included extent of making the decision jointly
(sbi_sdm_tot, univariate: OR = 1.05, 95% CI 1.01–1.09; stepwise: OR =
1.06, 95%CI 1.01–1.1; LASSO: OR=1.02, 95%CI 0.97–1.08) and patients
Table 3
Multivariate logistic regression models with three variable subsets.

Variables Low satisfaction OR (95% CI)

Logistic regression
(univariate)

Logistic regression
(stepwise)

Logistic regressi
(LASSO)

prognosis_mean 2.53 (1.43–4.48)** 2.57 (1.45–4.58)** 2.41 (1.35–4.29
pain_mean – – –
sbi_sdm_tot – – 1.02 (0.97–1.08
sp_black 4.01 (0.7–23.05) 6.6 (2.7–16.16)*** 4.01 (0.69–23.2
sp_active – – –
doc_female 3.68 (1.44–9.43)** 4.28 (1.71–10.68)** 3.57 (1.39–9.14
doc_age 0.98 (0.94–1.01) – 0.98 (0.94–1.02
visit_min – – –
d_percent_wc 18.55 (0.66–524.04) 21.58 (0.86–541.05) 16.46 (0.58–469
iat_sp_black 1.69 (0.35–8.24) – 1.84 (0.37–9.22
AIC 168 166 366

*: p < 0.05; **: p < 0.01; ***: p < 0.001; AIC = Akaike Information Criterion.
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being black (sp_black, univariate: OR = 3.51, 95% CI 1.84–6.69; stepwise:
OR = 11.71, 95% CI 3.35–40.85; LASSO: OR = 3.59, 95% CI 1.83–6.92)
and doctor age (doc_age, univariate: OR = 0.96, 95% CI 0.94–0.99; step-
wise: OR = 0.96, 95% CI 0.93–0.99; LASSO: OR = 0.96, 95% CI
0.94–0.99). With stepwise selection, variables visit duration (visit_min, OR
= 1.02, 95% CI 1–1.04) and implicit bias toward black patients
(iat_sp_black, OR = 0.3, 95% CI 0.1–0.88) were selected additionally.

All the three LR models on high satisfaction suggested that variable pa-
tient being black (sp_black) was significantly associated with higher odds of
high satisfaction. On the other hand, having a larger extent of making the
decision jointly or not (sbi_sdm_tot) seemed not affecting the odds of higher
satisfaction with ORs close to 1, and so did doctor age (doc_age), even
though both variables were statistically significant. Additionally, using
stepwise selection for the LR modeling, lower implicit bias toward black
people (iat_sp_black) was associated with lower odds of high satisfaction.
All other variables which were not mentioned above were not statistically
significant in the corresponding LR model.

4. Discussion and conclusion

4.1. Discussion

The RF models had better discriminative power than the LR models, as
shown by the higher AUCs. However, the RF models offered a different set
of influential variables in characterizing low patient satisfaction, compared
to the LR models. As for high patient satisfaction, the two modeling
methods selected similar influential variables. In addition, we found that
a RF model with PDP can augment the quantitative characterization with
a fresh perspective. We next interpret our results in the context of clinical
communication.

All the models suggested the extent of shared decision-making and doc-
tor age to be influential to differentiating patients with high satisfaction
from the rest. The LR models showed that greater extent of shared
decision-making and younger doctor age were associated with higher
odds of patients being quite satisfied. Conversely, the RF model showed
that less shared decision-making and older doctors were associated with a
higher probability of patients being quite satisfied. Though the RF model
had a better AUC (0.96) compared to the LR models (0.75–0.76), we spec-
ulated that the existence of hidden factors in shared decision-making and
doctor age might have affected the satisfaction outcomes. One possibility
is that doctors may have implemented shared decision-making with pa-
tients, but some doctor may only present information to the patients with-
out showing enough empathy or thinking about the patient's perspective.
Shared decision-making is a central aspect of PCC [19]. It was positively as-
sociated with higher satisfaction according to the RF model. Regardless of
how measured, a recent literature review of 39 studies found that shared
decision-making was positively associated with patient satisfaction [64].
There is some evidence that patient perceptions of shared decision-
making were associated with higher quality of life [65].
High satisfaction OR (95%CI)

on Logistic regression
(univariate)

Logistic regression
(stepwise)

Logistic regression
(LASSO)

)** – – –
1.04 (0.97–1.11) – 1.04 (0.97–1.11)

) 1.05 (1.01–1.09)* 1.06 (1.01–1.1)** 1.05 (1.01–1.1)*
3) 3.51 (1.84–6.69)*** 11.71 (3.35–40.85)*** 3.59 (1.86–6.92)**

– 0.59 (0.3–1.14) 0.64 (0.34–1.2)
)** 1.64 (0.87–3.1) 1.91 (0.98–3.73) 1.57 (0.83–2.99)
) 0.96 (0.94–0.99)* 0.96 (0.93–0.99)* 0.96 (0.94–0.99)*

– 1.02 (1–1.04)* 1.01 (1–1.03)
.07) – 0.12 (0.01–2.21) –
) 0.3 (0.1–0.88)* –

249 266 228



Z. Lou et al. PEC Innovation 1 (2022) 100017
The doctor age effect may be a result of increases in communication
training during medical school. At the same time, younger physicians
with less experience may also lead to lower patient satisfaction. On the
other hand, older doctors may have plenty of experience but may not be
skillful communicators. The literature provides contradictory evidence, pa-
tients reported greater levels of satisfaction with older physicians [66] and
greater levels of satisfaction with younger physicians [67]. We found that
our SPs were less likely to report high satisfaction with older physicians,
however, the odds ratios were very close to 1.

Longer visits were found to be associated with greater patient satisfac-
tion [68,69]. However, other studies also found that perceived visit length
was not associated with patient satisfaction [70]. In our stepwise LR analy-
sis, visit length was associated with higher satisfaction, but similar to age,
the odds ratio was close to 1.

All the models suggested that patient race was influential. The two RF
models further suggested that white patients had a higher probability of
being quite satisfied or quite unsatisfied. Oppositely, the LR models for
high satisfaction showed that black patients were associated with higher
odds of being quite satisfied. Furthermore, our results did not show enough
evidence that doctor's implicit bias toward patient race was associated with
lower patient satisfaction. The conflicting phenomena suggested that hid-
den racial factors might have affected satisfaction. Given the high percent-
age of white physicians, it is no surprise that black patients reported lower
satisfaction according to the LR model. Given the history of mistreatment
and medical mistrust in the black community [71], many patients reported
difficulties in trusting and connecting with physicians who might not have
their concerns taken seriously [72]. However, according to the RF model,
black SPs reported higher levels of satisfaction. However, the RF model
also included the interaction of implicit bias and black race. This suggests
that the negative effect of race on patient satisfaction may be confined to
patients seeing physicians with higher implicit bias.

All the models developed for predicting low patient satisfaction identi-
fied the depth of discussion about prognosis to be influential. However,
the interpretations from RF model and the LR models are in conflict. The
RF model suggested that not enough prognosis discussion might lead to a
higher probability of having low patient satisfaction. After the depth of
the discussion reaches certain level, the probability of having a low satisfac-
tion level would instead stabilize. Conversely, the LRmodels suggested that
more in-depth prognosis discussion would result in higher odds of low sat-
isfaction. Given a significantly better AUC achieved by the RF model, we
would be cautious about trusting the interpretations from LR even though
it is commonly used in hypothesis testing in social science. We speculated
that some unobservable variables may have contributed to the discrepancy
between the two datamodelingmethods. Oncologists reported resisting the
discussions of prognosis because they were afraid of such discussions may
disrupt their relationship with patients and families [73]. Patients and fam-
ily members who reported prognosis discussions with their physicians were
slightlymore satisfiedwith their care [74]. In a large study of cancer patient
and physician communication, greater levels of prognosis discussion were
found to be associated with higher patient reported connection with their
physician [75]. However, a recent literature review found no positive asso-
ciations of prognosis disclosure with the physician-patient relationship
[76]. The negative associationwe found between prognosis and patient sat-
isfaction may be a function of our SPs experiencing prognosis decisions dif-
ferently than real cancer patients.

The LRmodels suggested that female doctors would lead to higher odds
of low satisfaction. While male and female physicians interact with patients
differently, female physicians tend to rate higher on patient-centered com-
munication, but the data on patient satisfaction is mixed. However, the RF
model did not deem doctor's gender as a top-five influential feature. Note
that all our SPs were male. Physician-patient gender concordance was asso-
ciated with greater satisfaction [77]. A literature review found that there
were no gender differences in overall satisfaction with care, however, in
general, patients prefer physicians of their own gender [78].We speculated
that unobserved factors associated with female doctors contributed to low
7

patient satisfaction. In addition, patients being black was shown influential
to differentiating low satisfaction by several models.

Our study has several limitations. First, there are missing entries in
around one hundred records. We used multiple imputation to address miss-
ing data, however, missing data affects the precision of estimates and could
result in type II error. Second, our limited SP sample and our programed SPs
interactions with physicians may not be representative of the general pa-
tient population. Finally, there are limited tools available to interpret
black-box machine learning models. The PDP tool for RF models requires
making strong assumptions on feature independence,whichmay not be jus-
tifiable in our study. We will address these limitations in our future study,
e.g., improving the study protocol design to reduce the missing entries, in-
creasing the sample size of SPs, and utilizing other machine learning
models.

4.2. Innovation

Machine learning models have emerged as promising methods for
modeling observational data and deciphering hidden relationships/pat-
terns in social and behavioral data. They have been widely applied in
many scientific areas. Recent literature has suggested transformative poten-
tial of machine learning in analyzing data for social science research. Our
study showcases such potential for the particular purpose of examining
how physician communication behavior factors together with their demo-
graphic characteristics jointly influence patient satisfaction on patient-
physician communication. Specifically, we believe that our innovation
arose from comparing different machine learning models (both regression
and random forest) and various variable selection techniques prior to re-
gression modeling. As such, one may acquire additional understanding on
what physician factors influence patient outcomes and how.

The use of two different statistical modeling techniques allows for more
in-depth analysis of potential predictors of satisfaction. While the two
models contradict each other, they suggest the likelihood that unmeasured
variables may be at work. The benefit of this information is that PCC re-
searchers, guided by theory, can design future studies to address likely in-
fluential variables to include in future models. We believe our analysis
demonstrates howmachine learning can contribute to understanding influ-
ential factors to cancer patients' satisfaction, and we hope that our study
will encourage researchers in this area to developmachine learning models
when analyzing data which may lead to additional insights.

4.3. Practical implication

Our study revealed the complexity of predicting patients' satisfaction
with their physicians. Comparing our results to the literature underscored
that predictors of satisfaction may be different from study to study. We
have suggested that confounding (unmeasured) factors exist that may ac-
count for the conflicts in the literature and our own conflicting results. Indi-
viduals who examine patient satisfaction such as domain scientists, clinical
practitioners, and hospital administrators should not rely on one analytic
result obtained from a single model. Even with the results from multiple
models, scientists, practitioners, and administrators should be cautious
about interpreting factors that have conflicting results from different
models. The conflicting results implied that patient satisfaction was not
simply associated with patient race, doctor gender, process (e.g., how
much shared decision-making? how much prognosis discussion?) or topics
in painmanagement communication. Studiesmay need to include variables
from additional communication channels (such as vocal tone, facial expres-
sion, and body language) to capture the full scope of PCC [19].

4.4. Conclusion

In this paper, we comprehensively assessed the use of RFmodeling with
PDP as an additional tool to characterize physician communication behav-
ioral and demographic factors on patient satisfaction from clinical consulta-
tion about cancer prognosis and pain. We extracted the communication
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data from the conversational scripts of the consultation sessions with stan-
dard patients. The RF models on patient's low and high satisfaction re-
sponses had higher AUC than the corresponding LR models but often
resulted in contrary interpretation of certain variables, including the
depth of prognosis discussion, the extent of shared decision-making, patient
race, and doctor age. For example, low levels of cancer patients' satisfaction
were found to be associated with more discussion of prognosis by LR
whereas associated with interaction of implicit bias with being a black SP
by RF. In the future, we plan to expand the sample size of our cohort
study and acquire additional possible confounding factors, e.g., acoustic
features and body language among non-verbal sources. As a result, we
may gain a more comprehensive understanding of how patient satisfaction
can be improved.
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