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Abstract

Missed medical appointments, including cancellations and no-shows, disrupt clinical workflows,
reduce efficiency, and compromise patient care. Using 1.8 million chemotherapy appoint-
ments from the Dana-Farber Cancer Institute, this study develops a hierarchical machine
learning framework that first predicts cancellations and then no-shows among remaining
cases. Combining operational and temporal features, the model achieves F1-scores of 0.76
and 0.82, outperforming a multinomial baseline by 7-10 points on minority classes. To
extend interpretability, we infer missed-visit reasons through semi-supervised learning on
short-notice cancellations, training supervised predictors with weighted F1-scores of 0.57 and
0.54. Counterfactual analysis identifies modifiable scheduling factors—such as appointment
timing and provider consistency—while showing that standard interventions like reminders
are less effective than previously reported. These findings underscore the value of predictive
models with prescriptive intent, highlighting their role in designing tailored, context-specific

interventions to improve clinical efficiency and patient care.

Keywords: Hierarchical Machine Learning; Counterfactual Analysis; Predictive and Pre-

scriptive Analytics; Patient No-Shows; Appointment Cancellations
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Chapter 1
Introduction

Medical appointments in outpatient services that are scheduled but not attended, whether due
to no-shows (without prior notice) or cancellations (with advance notice), create substantial
inefficiencies, financial losses, and reduced access to care within healthcare systems [1]—[3].
These disruptions strain clinic operations and may delay critical treatments in high-risk care
settings such as oncology, where treatment delays are associated with increased mortality
[4]. In the UK, primary care facilities report over 12 million missed appointments annually
(approximately 6.5% of all bookings), with the NHS estimating the annual cost at more than
£600 million [5]. In the U.S., no-shows are reported to cost the healthcare sector around $150
billion annually, with each unused slot averaging $200 in lost physician revenue [6]. Missed
appointments are common (typically 15-30% of scheduled visits and averaging ~23%) and
can disrupt workflow, prolong patient wait times, and weaken continuity of care [3], [5], [7].

Although their definitions can vary, a no-show is typically defined as a missed appointment
or one canceled within 24 hours of the scheduled time, whereas a cancellation refers to an
appointment that is canceled more than 24 hours in advance [3]. The distinction lies in (i)
when the clinic receives notice; and (ii) how it can respond operationally, that is, whether
there is sufficient time to reallocate the newly vacant slot to another patient. While the
consequences of missed appointments are significant across all areas of medicine, they are
particularly critical in the delivery of chemotherapy. Treatments are scheduled at precise
intervals, and disruptions from cancellations or no-shows can compromise therapeutic efficacy,
increase toxicity risks, and lead to poorer survival outcomes [4]. Furthermore, from a
management perspective, chemotherapy appointments require specialized hospital resources
such as infusion chairs and nursing staff, making no-shows and cancellations especially
disruptive to effective resource utilization and system-wide efficiency [8], [9].

To combat this issue, researchers have developed predictive models to identify patients

at risk of missing an appointment. Early approaches use logistic regression combined with



Bayesian inference to estimate no-show probabilities in near-real time [10], while later work
extends this methodology using multinomial logistic regression to jointly predict no-shows
and cancellations [11]. More recently, modern machine learning (ML) methods such as
XGBoost have demonstrated strong predictive capacity — for example, achieving an AUC of
0.90 in predicting attendance for pediatric ophthalmology follow-up visits [12]. A systematic
review confirms that a wide range of ML models, including logistic regression, decision trees,
and ensemble methods, now appear across many clinical contexts with varying degrees of
effectiveness [13]. Despite these advances, several gaps remain.

Most prior work either conflates cancellations and no-shows or focuses on predicting
only one outcome. Operationally, however, they differ: advance cancellations can often be
rebooked, while no-shows leave the clinic little opportunity to recover capacity [14]. Collapsing
them into a single “non-attendance” category or ignoring one outcome is practically limiting as
both are operationally and clinically consequential. Furthermore, developing useful prediction
models with the limited patient information available to administrative staff is challenging due
to severe class imbalance: most appointments are attended, leading models to underpredict
missed visits. While imbalance-correction techniques — such as oversampling, undersampling,
and cost-sensitive learning — can improve detection sensitivity, studies show that these
methods often fail to improve discrimination and may impair model calibration and reliability,
reducing clinical usefulness [15], [16].

Another challenge lies in the selection of predictors. Static features, such as demographic
variables or distance to the clinic, capture who is generally at risk, whereas temporal features
— such as the time until the next appointment, time-of-day, and the patient’s cumulative
history of no-shows and cancellations — capture evolving risk over time and refine personalized
risk scores as new data accumulate from repeated interactions with the clinic. Prior studies
often emphasize one set of variables over the other, focusing either on static models [17], [18]
or emphasizing temporal variables [11], [19]. Understanding how these feature sets interact
can inform targeted interventions, such as personalized reminders for time-of-day risks or
adjustments to the lead time (i.e., the time interval between successive appointments) for
patients with specific risk profiles [20], [21]. However, this comparative perspective remains
under-explored.

Equally important, existing models rarely consider the underlying reasons for no-shows and
cancellations. That is, most predictive frameworks stop at forecasting whether an appointment
will be missed, offering little insight as to why. Prior studies have identified potential factors
through descriptive analyses [21], while patient surveys highlight general causes such as
forgetfulness or competing demands, situational barriers like a lack of transportation or

childcare, and structural issues including long lead times or inadequate reminders [22],



[23]. Other literature discusses recurrent determinants, including prior attendance history,
sociodemographic characteristics, and clinic-level processes [3]. Although these findings
provide valuable contextual information, existing machine learning models do not explain
the reasoning behind their predictions [3], [24]. This creates a gap between a general but
descriptive knowledge of causes and the ability to design actionable, personalized interventions.
Embedding a reason-prediction model into the ML pipeline would help overcome this limitation
by not only flagging patients at risk of missing their scheduled appointment, but would also
predict the likely underlying cause, enabling targeted interventions.

Finally, prior work typically stops short of translating predictions into actionable strategies
for process improvement. While interpretability methods — like feature importance and
SHapley Additive exPlanations (SHAP) — can identify dominant factors contributing to
missed visits [25], counterfactual analyses can extend this by demonstrating how outcomes
might change under new operational protocols, such as shifting appointments to earlier hours
[26]. Despite this potential, few studies use these methods to evaluate interventions before
their implementation, even though effectiveness can vary widely across clinical environments,
patient populations, and resource constraints [3]. In fact, without prospective evaluation,
common interventions (such as appointment reminders) may prove ineffective for a given
clinical context, and eliciting improvements in some variables may be too costly to yield
meaningful gains. Therefore, moving from prediction to prescription is essential to connect
ML modeling forecasts with initiatives that improve operational performance and patient
outcomes.

To address these limitations, we develop an ML pipeline that jointly predicts appointment
cancellations and no-shows — along with their underlying reasons — using a hierarchical
approach. In the first stage, the model identifies whether a patient is at risk of canceling
their appointment; in the second stage, it predicts the likelihood of a no-show. If either stage
predicts a missed appointment, the framework also provides a reason as we train a multi-class
classifier across five managerially distinct categories using semi-supervised learning with last-
minute cancellations to infer reasons for no-shows (which are absent). Utilizing a dataset of
1,825,975 scheduled chemotherapy appointments from 95,282 patients from the Dana-Farber
Cancer Institute, a major U.S. cancer center in Boston, MA, the pipeline incorporates both
static and temporal features, enabling it to capture nuanced patterns in patient behavior
and appointment logistics over time. Despite severe class imbalances and being limited to
fields available in the scheduling system (i.e., information accessible to schedulers and care
coordinators at booking or rescheduling), the ML pipeline achieves F1-scores of 0.76 for
cancellations and 0.82 for no-shows—representing a 7-10 percentage point improvement on

minority classes as compared to a single-stage multinomial baseline. Further, incorporating



both static and temporal variables improves minority-class performance by up to 12% over
models using either feature type alone. Finally, our approach achieves weighted F1-scores of
0.57 and 0.54 when predicting reasons for cancellations and no-shows, respectively.

To support clinical utility, we conduct post-hoc analyses using a feature importance
assessment, SHAP, and counterfactual simulations. Feature importance analysis and SHAP
consistently identify encounter type, visit type, lead time, provider changes, and prior visit
intervals as dominant predictors. These findings highlight both structural factors (e.g., type
of clinical service, treatment-related visits) and scheduling dynamics (e.g., time since last
visit, lead time) as key determinants of attendance. Building on these insights, we utilize our
predictive model to estimate the effect of targeted process improvement initiatives on the
rate of no-shows and cancellations. That is, by adjusting feature values to reflect potential
operational or behavioral interventions that can be implemented by the clinic, we can evaluate
the resulting changes in cancellation and no-show rates. We evaluate both literature-informed
strategies (e.g., SMS reminders, reduced scheduling lead times) as well as novel interventions
(e.g., provider consistency, a novel patient confirmation strategy) enabled by the structure
and output of our ML pipeline.

The results indicate that the literature-informed interventions provide little to no benefit:
appointment reminders and lead-time adjustments have minimal impact on reducing cancel-
lations and may even increase the number of no-shows. In contrast, model-guided strategies
deliver measurable improvements, particularly in lowering cancellations. For instance, en-
hancing provider consistency reduces cancellations by more than 2% (although it slightly
increases no-shows) while our patient confirmation strategy decreases both cancellations and
no-shows. These findings highlight the importance of context-specific evaluation and the

value of predictive models in guiding prescriptive strategies.

1.1 Contributions of this Thesis

The main contributions of this research are summarized as follows:

o Develop a data-aware hierarchical framework to jointly predict chemotherapy appoint-
ment cancellations and no-shows, achieving F1-scores of 0.76 (cancellations) and 0.82

(no-shows), a 7-10 point improvement over a multinomial baseline.

» Engineer both temporal and static features to improve minority-class F1-scores by up

to 12% as compared to using either feature-type alone.

o Apply semi-supervised learning to infer missing no-show reason labels from late cancel-

lations, enabling supervised prediction of reasons for both cancellations and no-shows,
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with weighted F1-scores of 0.57 and 0.54, respectively.

o Conduct feature importance analyses and counterfactual simulations to identify action-
able scheduling interventions, including those emphasized in the literature and those

unique to our modeling approach.

« Present a data-driven, prescriptive framework for assessing the effectiveness of strategies

to improve patient attendance and resource optimization in outpatient health programs.

The remainder of this thesis is organized as follows: Chapter 2 reviews related work;
Chapter 3 presents the dataset, feature construction, and methodology; Chapter 4 presents
results of the prediction modeling; Chapter 5 presents the counterfactual analysis; Chapter 6

discusses implications and limitations.



Chapter 2

Literature Review

2.1 Factors Influencing Patient No-Shows and Cancel-
lations

Understanding patient no-shows and cancellations requires a structured analysis of contribut-
ing factors, as prior studies have used diverse sets of predictors. To provide a comprehensive
foundation to our study, we conducted a systematic review of 116 peer-reviewed articles
indexed in Scopus, the largest repository of academic literature. The search spanned publica-

PYANAA

tions from January 1980 to December 2024 and used keywords such as “no-shows,” “missed
appointments,” “non-attendance,” and “cancellation,” applied to titles, abstracts, and key-
words, with spelling variations and wildcard operators included for coverage. Relevant articles
were screened, and thematic analysis grouped predictors into categories (see Table 2.1).

The review identified four categories of predictors: Patient Demographics (e.g., age,
insurance type), Medical History (e.g., comorbidities, diagnostic information), Appointment
Details (e.g., visit type, lead time), and Patient Behavior (e.g., prior no-show history,
cancellation frequency). These categories are generally consistent with prior reviews [3], [13]
and offer a clinically interpretable framework for understanding attendance risk. A detailed
breakdown of these predictors and associated references is provided in Table 2.1.

The most frequently reported predictors of missed appointments include static features
such as age, insurance, or payment method (Patient Demographics), diagnosis severity
(Medical History), and temporal predictors such as a history of no-shows and cancellation
frequency (Patient Behavior). Appointment-related details like lead time and the type of
visit also represent important inputs. Previous studies typically incorporate both static and
dynamic features, though the balance between them varies. For example, Daggy et al. [17]

and Huang and Hanauer [18] use logistic regression and tree-based models primarily based



on demographic (static) and appointment-related (temporal) variables, while Goffman et
al. [27] emphasize features based on demographics and a patients medical and behavioral
data (temporal). Other studies explicitly engineer temporal information from patients’
appointment sequences: Huang et al. [28] demonstrate that prior attendance history improves
model sensitivity, while Lenzi et al. [19] and Li et al. [29] architect temporal features to
enhance no-show detection. Collectively, this body of work underscores the important roles
that static and temporal features have in improving predictive performance. However, few
have directly evaluated the extent to which each category contributes to predictive accuracy
or how their interaction affects performance. Without this insight, models may miss key risk
interactions that evolve over time. Furthermore, cancellations are often excluded from these

models, despite substantial overlap in risk factors and their unique operational consequences.

Table 2.1: Grouped factors affecting no-shows and cancellations

Category Factors References

Patient Demographic Age [17], [30]-[38]
Gender [32]-[34], [39]-[42]
Language 18], 28], 33], 36], [42]-[44
Race/Ethnicity [33], [34], [40], [45] [48]
Employment [44), [(49]-[52]
Marital Status [17], [32], [33], [48], [51], [53] [56]
Economic Status [36], [38], [40], [45], [57]—[59]
Education Level [35], [38], [52], [55], [59]-[62]
Insurance/Payment (18], [31], [32], [34], [41], [46], [58], [61],

[63], [64]

ZIP Code [11], [65]-[67]
Distance/Transportation [17], [18], [46], [53], [68]-[70]
Religion (28], [51], [56]
Access to Phone [71]-[75]
Citizenship [44], [63], [76]-[78]
Telephone number Recorded [38], [72], [79], [80]
Residence (Urban/Rural) (30], [48], [61], [81], [82]
Season of Birth [76], [83]
Speciality [65], [66], [84]-[86]

Medical History Previous Visit [65], [84], [86]-[89]
Provider [19], [29], [33], [46], [90]-[94]
Referral Source [44], [81], [95]-[100]
Diagnosis [22], [30], [69], [90], [98], [99], [101] [105]
Case Duration [65], [67], [74], [86], [106]

(6], [

First/Follow-Up

Continued on next page



Table 2.1 — Continued from previous page

Category

Factors

References

Appointment Detail

Patient Behaviour

Substance Abuse

Symptoms
Use of Medication

Month

Weekday

Visit Time
Holiday Indicator
Same Day Visit
Weather

Season

Visit Interval
Lead Time

Waiting Time
Scheduling Mode
Hospital Admissions
Clinic Characteristics

Type of Procedure

Previous No-Show

Previous Cancel
Last Visit Status
Visit Late
Satisfaction

Number of Previous Scheduling Visit

Family Support

Days Since Last Visit Appointment

17], [35], [36], [44], [46], [52], [59], [103],

[17), [3

[108]

[22], [30], [62], [63], [81], [90], [109], [110]
35], [54], [58], [61], [62]

18], [28], [39], [79], [92], [111]-[114]
[19], [75], [86], [115], [116]

31], [65], [73], [75], [90], [117]

[10], [11], [67], [87]

[19], [27], [67]

[29], [32], [64], [111], [118], [119]

(17], [33], [34], [48], [91], [120]

[27], [65], [75], [86], [121]

(17], [18], [31]-(33], [69], [93], [95], [97],
[120], [122]

[19], [67], [123]

[22], [70], [71], [88], [90], [106], [121], [124]
[17], [22], [72], [90], [102]

[10], [22], [30], [66], [67], [86], [90], [125]
30], [36], [90], [114], [126]-[128]

[22], [29], [31], [60], [75], [90], [107], [121],
[129], [130]

22], [27], [29], [30], [65], [90]

(67], [70], [86], [125]

[49], [67]

[49], [106]

[17], [36], [94], [131]

[61], [132]

[17], [131]

2.2 Predicting Missing Appointments in Oncology

While many studies have examined various predictors of patient attendance in outpatient

healthcare settings, relatively few studies focus on oncology. Chemotherapy appointments

pose unique operational challenges because they have long and variable durations, require

patients to be scheduled at regular intervals over extended periods of time (e.g., weeks),

depend on specialized infusion chairs, and require highly trained nursing staff [8], [9]. Missed

appointments or last-minute cancellations in this context are especially disruptive, leading to



wasted resources and potential delays in life-saving treatment. Evidence from cancer care
research shows that even modest delays in therapy can adversely affect survival outcomes [4].

Most existing studies in this domain have concentrated on optimizing scheduling templates
and resource allocation under uncertainty [8], [9], rather than predicting the patient-level risk
of no-shows or cancellations. Furthermore, our work is unique in that it combines predictive
modeling with counterfactual analysis to determine the effect that targeted interventions

have on reducing missed appointments for chemotherapy treatment.

2.3 Methodological Challenges in Training Prediction
Models

Early efforts to predict patient attendance primarily used statistical techniques such as logistic
regression and survival analysis, relying on demographic characteristics and variables on the
appointment-type [17], [27]. With the growing availability of electronic health records, ML
methods — particularly tree-based approaches such as random forests and gradient boosting —
have demonstrated improved predictive performance [18], [33], [121]. Recently, several studies
have explored the integration of temporal variables [19], [29] and unstructured text data from
clinical notes [133], though such approaches remain less common in the prediction of missed
appointments.

Despite these advances, methodological challenges persist. First, most studies focus
exclusively on no-shows, with cancellations either excluded or grouped into a general “missed
appointment” category [134], [135]. Second, appointment can be highly imbalanced: attended
visits dominate, with no-shows typically accounting for <20% of data points, leading standard
algorithms to favor the majority class and under-predict missed visits [85], [133]. Third,
reliable labels can be scarce in electronic health record systems; in our setting, reasons
for no-shows are rarely documented due to a lack of follow-up by administrative staff.
Hierarchical classification offers one such solution by decomposing a multi-class prediction
task into sequential sub-problems, reducing imbalance at each decision point and improving
minority-class detection. Zheng and Zhao [136] introduce a cost-sensitive hierarchical method
that incorporates an imbalance-aware loss function, significantly improving performance
on skewed datasets. Pereira et al. [137] further show that resampling strategies tailored
to hierarchical structures can outperform single-stage models. We develop a hierarchical
classification pipeline to separately predict cancellation and no-show risks. To address the
missing labels for no-show reasons, we employ semi-supervised learning (SSL), which leverages

large volumes of unlabeled data alongside limited labeled examples. SSL has shown strong



results in domains such as cancer diagnostics [138], and we extend its use to infer reasons for
missed appointments by exploiting a proxy signal in the reasons behind short-notice (<24

hrs) cancellations.

2.4 Interventions to Reduce No-Shows and Cancella-

tions

Building on predictive modeling research, prior work has explored operational and behavioral
interventions to reduce missed appointments. These fall into three main categories: re-
minders, scheduling strategies, and incentives. Reminders — via SMS, phone, or multi-channel
approaches — are the most common and show consistent effectiveness, particularly when
utilized with risk prediction models [139], [140]. Scheduling interventions, such as open-access
booking, overbooking, and real-time rescheduling, aim to optimize capacity and proactively
respond to cancellations and no-shows [141], [142]. Incentives, though less studied, address
structural barriers (e.g., transport vouchers) or apply penalties to deter non-attendance [143],
[144]. Despite these advances, most interventions emphasize patient-focused actions, with
limited attention to provider engagement or continuity of care — factors shown to influence
attendance in clinics with multiple appointments [145]. Moreover, evidence suggests that
some of the most common interventions, i.e., automated reminders, achieve only modest
reductions in no-show rates and fail to address underlying systemic issues [142].

While interventions are often evaluated retrospectively or tested in single-institution
studies, few attempts have been made to assess their expected impact prior to deployment.
That is, they are typically assumed to be broadly effective even though their efficacy can
vary significantly with the operational context and patient population [3]. To our knowledge,
no prior work has systematically evaluated the anticipated effects of a wide range of clinic
interventions on the rate of no-shows and cancellations. We address this gap through a
counterfactual analysis based on our hierarchical ML model, which estimates the likely
effect of implementing literature-informed interventions alongside several new operational

approaches derived from our modeling framework.
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Chapter 3

Data and Methodology

3.1 Operational Setting & Data

Our analysis focuses on outpatient chemotherapy appointments at the Dana-Farber Cancer
Institute, a comprehensive cancer treatment and research center affiliated with the Harvard
Medical School, where patients receive treatments at precisely scheduled intervals. Each visit
requires advance coordination of infusion chairs, oncology-trained nursing staff, and pharmacy
preparation, making reliable attendance essential for both patient care and operational
planning [8], [9], [146]. Unanticipated no-shows or late cancellations disrupt these tightly
managed workflows, limit opportunities to reallocate capacity, and reduce overall clinic
efficiency [147]. Furthermore, missing or rescheduling a chemotherapy sessions is not merely
inconvenient: even modest delays in the prescribed treatment protocol have been associated
with an increased risk of mortality [4].

At the time of scheduling, there are three possible appointment outcomes: completed
visits (patients attend their scheduled appointment), no-shows (including late cancellations
within 24 hours and those who left without being seen), and cancellations made at least
24 hours in advance of the next appointment. Distinguishing between these outcomes is

important, as each has different clinical and operational consequences.

3.1.1 Dataset

The dataset comprises daily records of chemotherapy appointments from June 12, 2021, to
December 14, 2023. While the initial data cut contained 4,560,061 records for all patients
and visit types, only appointments related to chemotherapy treatment were retained; patients
with only one recorded appointment, incomplete records, and duplicate entries were excluded.

The final cohort includes 1,825,948 appointments from 95,282 unique patients who were either

11



Table 3.1: Dataset features and descriptions

Feature Description Data Type
Encounter Date Date of the patient encounter Date
Patient ID Patient identifier Labeling
Encounter Datetime Date and time of the patient encounter Datetime
Encounter 1D Unique encounter identifier Labeling
Arrived Datetime Date and time of patient arrival Datetime
Visit Type Type of visit (e.g., Blood Draw, Treatment Chemo) Factor
Encounter Type Blood Draw, Infusion, Appointment, etc. Factor
Encounter Provider ID  Provider identifier for the encounter Labeling
Attending Provider ID  Attending provider identifier Labeling
Appointment provider Appointment provider identifier Labeling
Department Name of the clinical department Factor
Floor Location Name of the floor location Factor
StD Duration Standard duration of the appointment (minutes) Numeric
Status Completion, no-show, cancellation indicator Factor
Scheduled Datetime Date and time of appointment scheduling Datetime
Canceled Datetime Date of appointment cancellation Datetime
Rescheduled Datetime Date and time of appointment rescheduling Datetime
Reason Description Description of the reason for cancellation Factor

undergoing chemotherapy, receiving cancer care, or attending monitoring visits. All data
fields originate from the operational scheduling system, reflecting information available to
appointment schedulers and clinical care coordinators at the time of booking or rescheduling.
Practitioner notes and other unstructured data sources are not accessible in this database,
which is consistent with data available in real-world scheduling workflows.

Table 3.1 summarizes the available features that were collected. The dataset includes
structured variables such as appointment details, visit type, and provider information, but
lacks demographic and socioeconomic indicators (e.g., age, gender, language, race/ethnicity)
previously associated with attendance patterns [17], [32]-[38]. Although the absence of
demographic and socioeconomic features constitutes a limitation, it also underscores the
strength of our design: if accurate predictions can be achieved using only operational
scheduling variables, augmenting the model with additional features derived from demographic
data or unstructured clinical text should be expected to further enhance performance. Reason
labels were available only for cancellations (not no-shows) due to the lack of follow-up by
scheduling staff. These reasons were consolidated into clinically meaningful categories informed
by prior literature on missed appointments and consultation with clinical collaborators. This
process yielded five categories: patient choice, clinic management, patient health, socioeconomic
barriers, and provider-related factors (see 3.2). This structured categorization provided the
framework for our analysis of both outcome prediction and reason inference.

The following summary statistics describe the dataset we collected. No-shows comprise
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Table 3.2: Structured reason categories for missed appointments

Category Explanation Example Reasons Citations

Patient Choice Patient voluntarily cancels due to "Personal Reasons", [31], [148]
personal preferences or conflicting "Sought Care Elsewhere"
priorities.

Clinic Management Appointment canceled due to admin- "Schedule Order Error", [31]
istrative rescheduling or internal er- "Changed by Radiology"
rors.

Patient Health Medical or clinical conditions pre- "Hospitalized", "Clinically [59], [100]
vent the patient from attending. Caused"

Socioeconomic Factors ~ Attendance prevented by external "Lack of Transportation', [149]
social or economic barriers. "Financial Concerns"

Provider Choice Appointment missed due to provider- "Provider Departure', "MD  [31], [148]

related scheduling issues.

Appointment"

5.7% of scheduled appointments, while cancellations (>24 hours in advance) account for 29.8%.
Appointment histories are highly skewed: most patients have few visits, while a minority
accumulate many (Figure 3.1). Patients average 19.16 visits (range 2-520). Excluding those
with only one visit yields a final cohort of 1,825,948 appointments. On average, patients
record 1.08 no-shows (affecting 35% of patients) and 5.71 cancellations (affecting 81%).
Several derived features were computed from the raw data to create temporal features that
capture both cumulative and recent attendance behavior (Table 3.3). Cumulative variables
represent long-term patterns (e.g., historical no-show and cancellation rates), while recent
variables capture short-term trends (e.g., missed last appointment). Categorical variables
were one-hot encoded, and numerical variables were standardized. Missing values in numeric
variables were imputed using the median, and missing categorical values were assigned an

“Unknown” category.

3.1.2 Data Partitioning

The ML models were trained and evaluated using an event-based design: at the time an
appointment is scheduled or rescheduled, the model predicts whether it will be completed,
canceled, or result in a no-show. If the outcome is a no-show or cancellation, the framework also
predicts the most likely reason. To assess robustness, we implemented three complementary
data-splitting strategies. As a baseline, we used a row-wise stratified random splitting
approach, as it is the simplest procedure to implement. However, this strategy can overestimate
performance by allowing the same patient to appear in both training and test sets [150]. Thus,
we also implement a patient-level split which ensures all appointments for a given patient
appear in one partition, enforcing independence across individuals. Finally, we analyze an

appointment—time-based temporal split where models are trained on earlier appointments
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Figure 3.1: Distribution of the number of visits per patient

and evaluated on later ones; this reflects the real-world setting where predictions generalize

to future events [151].

3.2 Methodology

At time t, only historical information up to t is available as inputs to the prediction model.
Let Xy, denote the sequence of observed feature vectors from time 0 to ¢, and let o, €
{show, no-show, cancellation} be the scalar outcome of the next scheduled appointment at

time t + 7 for 7 > 0. The objective is to estimate
P(Ot+T | XO:t) ~ f(XO:t; 0)7

where f(-;0) is a supervised learning model that outputs a distribution over the outcomes,
while 6 represents a vector of trainable parameters. Predictions are made for an upcoming
appointment using only information that would have been available at the time it was

scheduled.
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Table 3.3: Derived variables generated from raw scheduling data.

Derived Variable

Description

Cancellation Count
No-Show Count

Provider Change Count
Department Change Count
Last Visit Duration
Average Duration
Reschedule Count

Average Encounter
Average Scheduled
Average Arrival Lag

Time Since Last Visit
Cancellation Reason
Provider Changed Last Visit
Department Changed Last
Visit

Visit Type

Encounter Type

First or Follow-Up
Encounter Month
Encounter Weekday

Last Appointment Status
Encounter Hour Category
Weekend Indicator

Total cancellations up to current appointment

Total no-shows or “left without seen” events up to current appointment
Number of provider changes up to current appointment

Number of department changes up to current appointment

Duration of the last visit

Average standard duration of past appointments

Number of rescheduled appointments up to current appointment
Average hours between consecutive appointments

Average hours from scheduling to next encounter

Average hours between scheduled time and arrival

Hours since the last patient visit

Patient Choice, Clinic Mgmt, Patient Health, Socioeconomic, Provider Choice
Whether provider changed since last visit

Whether department changed since last visit

Established Patient Follow-Up, New Chemotherapy, Treatment Chemotherapy
Type of encounter (e.g., Appointment, Telemedicine, Infusion)

Whether the visit is first or follow-up

Month of appointment

Day of the week

Status of the last appointment

Time of day (Morning, Afternoon, Night)

Whether appointment falls on weekend

3.2.1 Hierarchical Framework

Multiclass models typically optimize a single decision across all classes, but this can be prob-

lematic under severe class imbalance and overlapping decision boundaries. Hierarchical ML

models decompose the task into sequential binary decisions, simplifying decision boundaries

and improving minority-class detection. In this setting, cancellations and no-shows resemble

each other more closely than they do shows as is illustrated in the t-SNE projection provided

by Figure 3.2.

Prior ML studies have demonstrated that hierarchical approaches enhance both predictive

performance and interpretability in structured healthcare settings [152]. Following this

precedent, our design first isolates cancellations from the union of no-shows and shows

(Stage 1), then distinguishes shows from no-shows among the residual cases (Stage 2).

This ordering reflects operational realities: cancellations are explicitly recorded and often

accompanied by reason codes, making them easier to separate reliably, whereas no-shows are

rarer and less well-documented.

Formally, let Dy = {(z;, yfl))}f\;l denote the training set for Stage 1, where z; € R? is a

feature vector of dimension d and yl-(l) € {0,1} is a binary label indicating membership in the
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selected class (versus all others). Here, N is the number samples used for training. A binary
classifier is trained on D; to separate the target class (cancellations) from the rest (shows +

no-shows). Stage 2 operates on the residual subset, partitioning between the two remaining

outcomes. Let Dy = {(Iju y(*Q)

J
yj(?) € {0,1} is a binary label distinguishing between the remaining outcomes (shows versus

no-shows), and M < N is the number of samples in the residual subset.

)}, denote this dataset, where x; € R? is a feature vector,

Each binary stage is trained using the standard binary cross-entropy loss function

L(f*(z),y™) = —y® log pi (z)
— (1= y™)log po(x).

where f*) and y*) denote the stage-k € {1,2} classifier or outcome, respectively. Default
optimizer settings from the respective libraries are used and no additional class weighting
are applied. Instead, operating thresholds are tuned post-hoc using precision—recall analysis

(Section 3.2.4) to emphasize minority-class performance.

3.2.2 Model Architectures

For the hierarchical approach, we utilize three model families — Decision Trees (DT), XGBoost,
and a Multilayer Perceptron (MLP) — to compare traditional, ensemble, and neural methods
in a structured manner. We also evaluate each of these models as a single-stage, multi-class
classifier.

Decision Trees (DT): They are simple, fast to train, and highly interpretable, which
makes them attractive for clinical use. However, they are prone to overfitting, unstable under

small perturbations of the data, and generally underperform ensembles on large tabular
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Figure 3.3: Hierarchical ML pipeline

datasets. Nevertheless, they serve as an interpretable baseline model [153].

XGBoost (Gradient-Boosted Decision Trees): Captures complex nonlinear feature
interactions while controlling for overfitting through shrinkage, regularization, and subsam-
pling. It has become a de facto state-of-the-art method for structured tabular data due to its
scalability, robustness, and strong empirical performance [154].

Multilayer Perceptron (MLP): A fully connected feedforward neural network that
transforms input feature vectors through multiple layers of linear transformations followed by
nonlinear activation functions (e.g., ReLU). Although MLPs often lag behind tree ensembles on

tabular data, recent benchmarks demonstrate that they can achieve competitive performance

[155].
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3.2.3 Reason Prediction Model

In addition to appointment outcomes, we train a model to estimate the underlying reason for
a missed appointment, i.e., patient choice, clinic management, patient health, socioeconomic,
provider choice. Let D3 = {(x;, rj)}]L denote the subset of appointments with observed or
inferred reason labels, where z;, € R? is the feature vector, r, € {1,..., R} indexes one of
R clinically defined categories (Appendix 3.2), and L is the number of samples labeled as a
no-show or cancellation. The reason classifier is again trained using the standard multiclass

cross-entropy loss,
R

Lreason(f(s)(x)v T) = - Z 1[T = C] logpc(x)v

=1
where f® denotes the reason model and p,(z) is the predicted probability of category c.

During training, the reason for a cancellation or no-show is learned from available
labels, while at inference the reason model is applied only when the hierarchical classifier
predicts a no-show or cancellation. In our dataset, however, reasons are documented only for
cancellations, with no ground-truth labels available for no-shows. To address this, we employ
confidence-based self-training (i.e., semi-supervised learning) to propagate labels from the
77,702 cancellations within 24 hours to the 25,377 no-shows.

The training approach is as follows: we first train a classification model using the dataset
of appointments canceled within 24 hours, where reason labels are readily available. We then
predict labels for the no-show data and augment the training set with the most confident
predictions. This process repeats until no additional data can be classified with confidence.
More formally, at iteration m, the calibrated model generates class posteriors {p.(x)}%,
for the unlabeled data pool of no-show appointments; samples with max. p.(z) > 7 receive
pseudo-labels # = arg max,. p.(z) and are added to the labeled training set. The model is then
retrained on the augmented dataset, and this process is repeated until no further samples
exceed the threshold (typically within 20 iterations). The final model is evaluated on a
holdout set.

3.2.4 Evaluation Metrics

Model performance is assessed using class-wise Fl-scores for the three outcomes (show,

no-show, cancellation). For class ¢, we define

TP, TP,

Precision, = —=——%—, Recall, = ———%
recision TPC I FPC eca TPC T FNC
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Table 3.4: Per-class Fl-score of single-stage vs two-stage models.

DT XGBoost MLP
Class
Single Two-stage Single Two-stage Single Two-stage
Show (0) 0.94 0.94 0.95 0.95 0.94 0.94
No-Show (1) 0.23 0.30 0.13 0.18 0.04 0.12
Cancellation (2) 0.78 0.87 0.85 0.92 0.83 0.92

and the Fl-score is

Precisi |
Fl, — 2 Precision, Recall,.

~ Precision, + Recall,’

We use class-wise F1 as the primary evaluation metric because it balances precision and
recall, which provides meaningful insight under severe class imbalance. As a complementary
measure of overall discrimination, we also compute the area under the ROC curve (AUROC).
This choice is consistent with recommendations emphasizing F1’s reliability over ROC-based

metrics when minority-class performance is critical [156].

3.2.5 Feature Set Analysis

To assess the relative importance of different feature groups, we conduct two sets of ablation
experiments. These experiments isolate subsets of variables to evaluate how each type
contributes to predictive accuracy, with full results reported in Section 4.4. We also examine
feature importance plots and Shapley values — both the marginal contributions of variables
and their interactions — to identify those most relevant for prediction.

Static vs. Temporal Features: Static features represent time-invariant appointment
properties, such as visit type, department, and patient demographics. Temporal features, in
contrast, encode event histories and sequential patterns, including timestamps and summaries
of prior behavior (e.g., cumulative cancellation count, time since last visit) [157], [158].

Raw vs. Derived Features: Raw features are extracted directly from the scheduling
system, such as appointment timestamps, encounter type, or visit type. Derived features
are engineered from patient histories, such as average lead time, provider change count, or

cumulative rescheduled appointments.
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Chapter 4

Results

This chapter presents the empirical findings of the study. The analysis yields two primary
outcomes. First, the proposed hierarchical machine learning framework substantially improves
minority-class performance, particularly for no-shows, without compromising overall accuracy,
and outperforms its single-stage counterparts. These improvements are consistent across
train—test splits and random seeds. Second, integrating static and temporal features provides
complementary gains in Fl-scores and accuracy over using either set alone, with feature
importance and SHAP analyses confirming the value of both variable types. Strong interaction
effects between static and temporal variables—as well as raw and derived data—further
enhance predictive accuracy. The following sections present these results in detail.

Training and evaluation were conducted on Google Colab (v2-8 TPU system) with 334 GB
RAM and 225 GB disk space, running Python 3. Full details of software libraries and code are
provided in the project repository to ensure reproducibility. Random seeds were fixed across
all experiments. Each reported result corresponds to a single training run, as performance
variance across repeated runs using different seeds was negligible. Unless otherwise noted,
model hyperparameters were set to library defaults, consistent with evidence that default

settings often yield performance comparable to extensive hyperparameter searches [159].

4.1 Predictive Performance

The hierarchical classification framework was compared against a single-stage multiclass
baseline while holding model architecture fixed. For no-shows, F1-scores increased from 0.23 to
0.30 with Decision Trees (DTs), 0.13 to 0.18 with XGBoost, and 0.04 to 0.12 with MLPs. For
cancellations, Fl-scores increased from 0.78 to 0.87 (DT), 0.85 to 0.92 (XGBoost), and 0.83 to
0.92 (MLP). Fl-scores for patients who attended their appointment remained high and stable
across all architectures (0.94-0.95). These findings indicate that the hierarchical modeling
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framework yields consistent gains for the minority classes without degrading performance for
the majority class.

To validate the framing of outcome subsets at each stage, Table 4.1 reports results for three
distinct two-stage permutations using DTs for interpretability and consistency: (i) Show —
No-Show/Cancel, (ii) Cancel — Show/No-Show, and (iii) No-Show — Cancel/Show. Among
these, the Cancel — Show/No-Show permutation achieved the best overall performance,
balancing accuracy across stages while maintaining strong discriminative power for no-shows.

Table 4.1: Fl-scores for Shows, No-Shows, and Cancellations across three key two-stage permutations.

Per-stage macro F1 scores (F1) and accuracy (Acc) are also reported. Bold values represent the best score
per column.

F1-Scores Stage 1 Stage 2
Permutation Show No-Show Cancel F1 Acc F1 Acc
Show — No-Show/Cancel 0.94 0.30 0.87 0.92 0.92 0.58 0.78
Cancel — Show/No-Show 0.99 0.60 0.78 0.84 087 0.79 0.97
No-Show — Cancel/Show 0.96 0.68 0.78 0.84 087 0.82 0.93

Next, we fixed the hierarchical structure to Stage 1: Cancellation vs Not-Canceled and
Stage 2: Show vs No-Show, and compared architectures. Table 4.3 reports F1 results for all
combinations. Two pipelines (DT — DT and DT — XGBoost) achieved the best balance,
especially for no-shows. To refine trade-offs, decision thresholds were tuned via precision—
recall sweeps. Table 4.2 presents the selected thresholds for each architecture, rounded to
two decimals. As shown, the DT — XGBoost pipeline achieves the best balance. The final
optimized results for this pipeline are then reported in Table 4.4, where no-show F1 increased
from 0.67 to 0.75 and cancellation F1 improved similarly.

Table 4.2: Two-stage permutations with optimal thresholds (rounded to two decimals). Thresholds were
selected by maximizing F1-score using the precision—recall curve.

Architecture Cancellations Threshold 1 Shows No-Shows Threshold 2
Decision Tree — Decision Tree 0.78 0.33 0.96 0.69 0.33
Decision Tree — XGBoost 0.78 0.43 0.97 0.75 0.83
XGBoost — Decision Tree 0.85 0.43 0.97 0.00 0.00
XGBoost — XGBoost 0.85 0.43 0.98 0.27 0.62

These results demonstrate that the hierarchical approach yields substantial improvements
in minority-class detection compared with prior baselines such as heuristics or logistic
regression [17], [31], [35], which typically achieve modest discrimination (AUC 0.55-0.65) and

limited precision.
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Table 4.3: Fl-scores for all combinations of two-stage model architectures (Stage 1 = Cancellation vs
Not-Canceled; Stage 2 = Show vs No-Show). Bold values represent the best score per column.

Permutation Cancellations Shows No-Shows
DT — DT 0.78 0.96 0.67
DT — XGBoost 0.78 0.96 0.67
DT — MLP 0.78 0.96 0.64
XGBoost — DT 0.85 0.97 0.35
XGBoost — XGBoost 0.85 0.97 0.27
XGBoost — MLP 0.85 0.97 0.28
MLP — DT 0.83 0.97 0.32
MLP — XGBoost 0.83 0.97 0.22
MLP — MLP 0.83 0.97 0.18

Table 4.4: Detailed results for the best-performing two-stage pipeline (Decision Tree — XGBoost). Results
are reported after threshold optimization (Stage 1 threshold = 0.43, Stage 2 threshold = 0.83).

Outcome Precision Recall F1-Score Support

Stage 1: Decision Tree (Cancellation vs Not-Canceled)

Not-Canceled 0.91 0.90 0.91 256,327
Cancellation 0.78 0.78 0.78 108,863
Accuracy 0.87 365,190
Macro Avg. 0.84 0.84 0.84 365,190
Weighted Avg. 0.87 0.87 0.87 365,190
Optimal Threshold 0.43 —
Stage 2: XGBoost (Show vs No-Show)

No-Show 0.87 0.65 0.75 31,855
Show 0.95 0.99 0.97 223,765
Accuracy 0.94 255,620
Macro Avg. 0.91 0.82 0.86 255,620
Weighted Avg. 0.94 0.94 0.94 255,620
Optimal Threshold 0.83 —
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4.2 Semi-Supervised Learning

To structure the prediction of reasons for missed appointments, we define five broad categories
(Table 3.2) based on prior literature. These categories capture the dominant drivers of
cancellations and no-shows.

To optimize pseudo-labeling for no-show reason prediction, thresholds between 0.60 and
0.90 were tested. As shown in Figure 4.1, a threshold of 0.60 incorporated over 90% of
unlabeled data, whereas a threshold of 0.85 only included 7,901 of 25,377 samples. Predictive
performance was higher at 0.60 due to the increased training volume, despite noisier labels.
Thus, 0.60 was selected as the final threshold.

Threshold vs #Pseudo

20000 +

15000

10000 +

# Pseudo-labels

5000

T T T T
0.6 0.7 0.8 0.9
Threshold

Figure 4.1: Effect of the pseudo-labeling confidence threshold on the number of pseudo-labeled examples
used in training. As the threshold increases (from 0.60 to 0.95), fewer examples meet the confidence criteria
and are included.

Table 4.5 compares results across models with and without pseudo-labeling. XGBoost
consistently achieved the best performance, with accuracy 0.71 and weighted F1-score 0.70.
Pseudo-label distributions across categories (e.g. 11,495 Patient Choice, 50,872 Clinic
Management) mirrored observed cancellation distributions, suggesting plausible inference.

Table 4.5: Model performance on predicting reasons for no-shows using semi-supervised learning with

pseudo-labeling thresholds of 0.60 and 0.85. F1l-scores are weighted averages. The best performing model and
threshold are bolded.

No Pseudo-Labels  Pseudo-Labels (0.60) Pseudo-Labels (0.85)

Model Accuracy F1-Score Accuracy F1-Score Accuracy F1-Score
DecisionTree 0.59 0.56 0.59 0.55 0.56 0.53
XGBoost 0.67 0.67 0.71 0.70 0.68 0.70
MLP 0.52 0.46 0.61 0.61 0.62 0.62

The final results in Table 4.6 confirm that XGBoost outperforms DT and MLP for both

no-show and cancellation reasons.

23



Table 4.6: Final model performance on predicting reasons for no-shows and cancellations using
pseudo-labeling at threshold 0.60. F1-scores are weighted averages. Bold values represent the best score per

TOW.
No-Shows Cancellations
Model Accuracy F1-Score Accuracy F1-Score
DecisionTree 0.59 0.55 0.49 0.47
XGBoost 0.71 0.70 0.56 0.55
MLP 0.61 0.61 0.49 0.44

4.3 Generalization Across Splits

Robustness of the hierarchical pipeline (DT — XGBoost) was evaluated under three partition-
ing strategies: row-wise random, patient-level, and appointment-time splits. Table 4.7 shows
consistent performance across cancellations and shows, while no-shows achieved the highest
Fl-score (0.82) under appointment-time splitting. This effect is attributed to recurrence
patterns captured by temporal splitting [160]. For comparability, row-wise splitting was used
for all main experiments.

Table 4.7: Fl-scores across data splitting strategies using the final hierarchical pipeline (i.e., DT —
XGBoost). Bold values represent the best score per column.

Splitting Method  Cancellations No-Shows Shows

Row-Wise (Random) 0.78 0.75 0.97
Patient-Level 0.75 0.74 0.97
Appointment-Time 0.76 0.82 0.97

4.4 Feature Importance and Ablation Analysis

To enhance interpretability, feature importance was assessed using SHAP, Permutation
Importance, Mutual Information (MI), and Mean Decrease in Impurity (MDI). Results
indicate that both static and temporal features contribute meaningfully to prediction. Static
appointment characteristics (e.g. encounter and visit type) and temporal features (e.g. lead
time, time since last visit) consistently ranked among the strongest predictors. Derived
features such as provider change count also proved influential. Table 4.8 lists the raw and

derived temporal variables alongside static features used in the modeling framework.
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Table 4.8: Unprocessed variable names for static and temporal features

Feature Description Data Type
Static features

Visit_ Type Type of visit (e.g., Blood Draw, Chemo) Categorical
Encounter Type Encounter category (e.g., Infusion, Appointment) Categorical
Clin_ Dept_ Nm Clinical department name Categorical
Floor_ Location_ Nm Floor location of the appointment Categorical
Temporal features

Raw temporal variables

Encounter_Dttm Datetime of the patient encounter Datetime
Schd_ Dttm Datetime of appointment scheduling Datetime
Derived temporal variables

Cancellation_ Count Total past cancellations before this appointment Numeric
No_ Show__Left_ Count Past no-shows or left-without-being-seen visits Numeric
Provider_ Change Count Number of times provider changed Numeric
Department_ Change Count Number of department changes in history Numeric
Last_ Visit_ Duration Duration of the last visit Numeric
Avg_Std_ Duration Average scheduled duration of past appointments Numeric
Rescheduled_Appointments_ Count  Past rescheduled appointments Numeric
Avg Encounter Frequency Hours  Average time between encounters Numeric
Avg_Schd_ Encounter_ Diff _Hours Average time from scheduling to encounter Numeric
Average Arrival Lag Hours Average delay from scheduled to arrival time Numeric
Time Since Last Visit Time since previous visit Numeric
Patient_ Choice Cumulative cancellations due to patient-driven reasons Numeric
Clinic_ Management Cumulative cancellations due to clinic management Numeric
Patient_ Health Cumulative cancellations due to patient health Numeric
Socioeconomic Cumulative cancellations due to socioeconomic factors Numeric
Provider_ Choice Cumulative cancellations due to provider-driven choice ~Numeric
Provider_ Changed_ Last_ Visit Whether provider changed since last visit Boolean
Department_ Changed_Last_ Visit Whether department changed since last visit Boolean
First_ Follow_Up_ First First visit in a sequence Boolean

Continued on next page
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Table 4.8 — Continued from previous page

Feature Description Data Type
First_ Follow_Up_ Follow_ Up Follow-up visit Boolean
Last_ Appointment_ Status_{...} Status of the last appointment Categorical
Encounter_ Hour_{...} Hour-of-day bucket Categorical
Weekend_ Indicator_{...} Weekend indicator Boolean
Encounter_ Dttm_ {...} Components of encounter datetime Datetime
Schd_Dttm_{...} Components of scheduling datetime Datetime

Ablation results in Tables 4.9 and 4.10 show that combining static and temporal features,
as well as raw and derived variables, yields the strongest results. Interaction analyses using
SHAPIQ further revealed that static-temporal interactions accounted for 24.6% of predictive
contribution, exceeding static—static or temporal-temporal interactions (Table 4.11). This
highlights the synergistic role of combining diverse feature types.

Table 4.9: Class-wise Fl-scores by feature family. Stage 1 evaluates cancellations; Stage 2 evaluates
no-shows and shows. Bold values represent the best score per column.

Feature Family = Cancellations (Stage 1) No-Shows (Stage 2) Shows (Stage 2)

Static only 0.83 0.12 0.98
Temporal only 0.44 0.03 0.82
Static + Temporal 0.76 0.69 0.96

Table 4.10: Class-wise Fl-scores by variable type. Stage 1 evaluates cancellations; Stage 2 evaluates
no-shows and shows. Bold values represent the best score per column.

Feature Type Cancellations (Stage 1) No-Shows (Stage 2) Shows (Stage 2)

Raw Only 0.76 0.69 0.96
Derived Only 0.58 0.11 0.87
Raw + Derived 0.78 0.74 0.97

Table 4.12 summarizes the mapping between raw and derived features. Ablation results

in Table 4.10 show how these groups affect predictive performance.
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Table 4.11: Relative contribution of feature categories based on SHAPIQ values (main effects and pairwise
interactions). Results are from 100 subsamples, background = full test set, max order = 2.

Category Share (%)
Static Main 27.1
Temporal Main 10.4
Static—Static Interaction 22.2
Temporal-Temporal Interaction 15.8
Static-Temporal Interaction 24.6

Table 4.12: Unprocessed variable names for raw and derived features

Raw Features

Derived Features

Visit_ Type
Encounter_Type
Clin_ Dept_ Nm
Floor Location Nm
Schd_ Dttm

Encounter Dttm

Cancellation  Count

No_ Show_Left_Count

Provider_ Change_ Count
Department_ Change_ Count

Avg Std_ Duration

Last_Visit  Duration

Rescheduled_ Appointments_ Count
Avg Encounter_ Frequency_Hours
Avg Schd_Encounter Diff Hours
Average_ Arrival_Lag Hours

Time Since Last_Visit

Patient  Choice

Clinic_ Management

Patient Health

Socioeconomic

Provider Choice

Provider_ Changed_ Last_ Visit
Department_ Changed_Last_ Visit
First_ Follow_Up_ First

First_ Follow_ Up_ Follow_ Up

Last_ Appointment_ Status_ Arrived
Last_ Appointment_ Status_ Canceled
Last_ Appointment_ Status_Completed

Continued on next page
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Table 4.12 — Continued from previous page

Raw Features Derived Features

Last_ Appointment_ Status_ Left_ without_ -

seen
Last_ Appointment_ Status_ No_ Show
Encounter  Hour After 18PM
Encounter Hour Before 12PM
Encounter  Hour Between 12 18PM
Weekend Indicator 0
Weekend_Indicator 1

4.5 Summary

In summary, the hierarchical framework consistently improved predictive performance, par-
ticularly for minority classes, across multiple evaluation strategies. Semi-supervised learning
with pseudo-labeling further enhanced classification of no-show reasons. Finally, feature
importance and ablation analyses confirmed that static and temporal variables interact

synergistically to improve predictive accuracy.
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Chapter 5
Counterfactual Analysis

While predictive models can identify patients at risk of missed appointments, they do not by
themselves provide actionable guidance for administrators or schedulers. From a managerial
perspective, the important question is not only who is at risk of being a no-show or canceling
their appointment, but also which interventions are likely to reduce this risk and by how much.
A counterfactual analysis addresses this concern by evaluating the impact of alternative
scheduling or engagement strategies on predicted outcomes. However, many prior studies
have emphasized predictive accuracy without assessing how proposed quality improvement
initiatives might affect clinic operations [161]. A few recent studies—a trial of predictive
model—driven appointment reminders [139] and simulations of rescheduling effects [162]—have
begun to explore this, but efforts remain limited. This lack of evaluation is problematic, as
strategies may be less effective when applied in different contexts and may even reinforce
existing inequities without careful policy design [140].

To this end, we utilize our modeling framework to evaluate several interventions with the
goal of identifying operationally feasible changes that could reduce the predicted risk of can-
cellations and no-shows. The evaluated interventions are structured along two complementary

axes:
o Interventions informed by previous research.
» Novel operational strategies motivated by the design of the hierarchical ML pipeline.

Tables 5.1 and 5.2 provide an overview of intervention categories drawn from prior work,
distinguishing between predictive, real-time, and hybrid strategies. Our analysis builds upon
this taxonomy by quantifying their potential impact in the context of oncology treatment

scheduling.
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Table 5.1: Intervention strategies for reducing missed appointments, categorized by delivery mechanism.
Interventions are grouped by predictive modeling, real-time operations, or hybrid approaches.

Category Predictive Modeling Real-Time / Operational Hybrid (Predictive + Real-
Time)
Reminders Predictive SMS/text reminders - -
[139]
Predictive phone-call reminders
139
Patient-preferred reminders [163]
Staff vs automated reminders
[164]
Dual reminders [165]
Behavioral nudges [166]
Targeted reminder calls [167]
Postal + digital reminders [168]
Predictive navigator outreach
[139]
Predictive ML + targeted phone
outreach [140]
Scheduling Al-based predictive scheduling Open-access scheduling [142] Two-stage stochastic schedul-
[169] Automated rescheduling ing [175]
Overbooking + ML risk alerts (“Fast Pass”) [171] Predictive no-show model +
[139] Real-time Al-driven over- dynamic overbooking [141]
Telehealth / remote consults booking [172] Multi-method  intervention
[170] Intraday dynamic reschedul- [176]
ing [173]
Dynamic slot filling [172]
Portal message after missed
appointment [174]
Incentives Transportation vouchers [143] - -

No-show fine ($30) [144]

5.1 Literature-Informed Interventions

Studies have assessed strategies such as appointment reminders, reduced lead time, and

confirmation requirements. These interventions generally show reductions in no-shows and
cancellations [140], [164], [167], [168], [177]. Within our modeling framework, we simulate
their likely impact by perturbing associated input variables, as mapped in Table 5.2.
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Table 5.2: Interventions and corresponding model variables used in the counterfactual analysis.
Literature-informed interventions (first two groups) and novel interventions (last three groups) are shown.

Intervention

Variable

Studies

SMS/AutoCall Reminders

Cancellation Count
No Show Left Count

Rescheduled Appointments
Patient Choice

SMS reduces cancellations [177]
No-shows | 1.9-7% abs. [164], [168],
[178]

Reminders improve rescheduling [171]

Tailored reminders effective [178]

Scheduling Timing

Avg Schd Encounter Diff
Cancellation Count

Patient Choice Cancels

Shorter lead time | no-shows [179]
Shorter intervals | cancellations [179]
Preference-based scheduling | cancel-
lations [179]

Overnight Patient Confir-
mation Calls

Overnight Provider Confir-
mation
Provider/Department Con-

sistency

Cancellation Count

Provider Choice Cancels

Provider Change Count

5.2 Novel Operational Strategies

Analysis of reason codes shows cancellations and no-shows are primarily driven by opera-

tional or preference-based factors. Two novel interventions are therefore modeled: Provider

Consistency and Commitment-Based Scheduling. Table 5.3 summarizes their simulated effects.

Table 5.3: Counterfactual analysis: absolute change in cancellation and no-show rates for each intervention.
Positive values = improvement; negative values = worsening. Mean £ SD across 10 models.

Category Intervention A Cancel (%) A No-show (%)
SMS Reminders —0.16 + 0.04 —0.43 £+ 0.03
Literature-Informed Patient Confirmation —0.09 + 0.05 —0.40 £ 0.03
Reduced Lead Time —0.14 + 0.62 —1.80+0.31
Novel Strategies Provider Consistency 2.19+0.04 —1.92 4+ 0.02
g Commitment-Based Scheduling 0.13£0.03 0.11+0.01

5.3 Simulation Setup

Counterfactual simulations were implemented by modifying test set variables according to

intervention mappings. Adjustments included proportional changes, categorical flips, and caps
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(Table 5.4). Outcomes were measured as absolute percentage point changes in cancellation

and no-show rates.

Table 5.4: Variable-level changes applied in counterfactual simulations. Each intervention modifies inputs
for both cancellation (Stage 1) and no-show (Stage 2) predictions.

Intervention Variable Change Rationale
SMS Reminder  Cancellation_ Count +12% More clarity reduces cancella-
tions
No_ Show_Left_ Count -9% Improves accountability
Rescheduled_Appointments +15% Better follow-through
Patient Confir- Cancellation_ Count +24% Improved tracking
mation
No_ Show_ Left_ Count -18% Higher compliance
Reduced Lead Avg Schd_ Encounter_ Diff Cap: 168 hrs Max 7 days lead time
Time
Cancellation_ Count -50% Shorter planning reduces can-
cels
Provider Consis- Provider Change Count Cap: 6 Improved continuity
tency
Department Change Count Cap: 6 Consistent care
Commitment- No_ Show_ Left_ Count -20% Limits stacking of missed appts
Based Schedul-
ing
Socioeconomic -20% More support provided

5.4 Extreme-Value Simulations

Extreme-value tests were run by setting individual variables to zero for all patients. Table 5.5

reports changes in predicted outcomes. These represent best-case but less feasible scenarios.

Table 5.5: Absolute reduction in predicted cancellation and no-show rates when each variable is
individually set to zero. Mean £ SD across 10 models.

Variable Max A Cancel (%) A No-show (%)
Provider Changed Last Visit 0/1 2.21 £0.04 —0.36 +£0.02
No Show Left Count 59 —0.19+0.01 0.46 £0.01
Department Change Count 10 0.48 £0.07 —0.66 £ 0.08
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5.5 In-Situ Results

Table 5.3 summarizes the absolute change in predicted cancellation and no-show rates for
each intervention. Among the literature-informed policies, SMS Reminders worsened both
outcomes (cancellations: —0.16%); no-shows: —0.43%), Patient Confirmation also worsened
both outcomes (cancellations: —0.09%; no-shows: —0.40%), while Reduced Lead Time produced
the largest degradation (cancellations: —0.14%; no-shows: —1.80%). These results contrast
with prior studies that found these policies to be effective in other clinical settings.

The novel strategies yield more promising results. Provider Consistency achieved the
largest overall reduction in cancellations (42.19%) but increased no-shows (-1.92%), sug-
gesting that continuity-of-care primarily reduces patient-driven cancellations while failing to
address structural barriers to attendance. In contrast, Commitment-Based Scheduling gener-
ated modest improvements in both outcomes (cancellations: 4+0.13%; no-shows: +0.11%),
making it the only intervention to improve both simultaneously. Although smaller in magni-
tude, these effects are managerially relevant as they demonstrate potential to concurrently
reduce cancellations and no-shows. Furthermore, while the policy is informed by prior
literature, it is adapted to address the unique behavior of the patient population.

The results of the extreme-value ablation study (Table 5.5) reinforce these insights. The
largest reduction in cancellations was observed when Provider Changed Last Visit was
set to zero (+2.21%), which underscores the central role of care continuity in preventing
cancellations. The largest improvement in no-shows occurred when No Show Count was
eliminated (+0.46%), which indicates that a small subset of patients with repeated prior
no-shows accounts for the majority of missed appointments. Smaller but consistent gains were
also observed from reducing provider changes (40.44%) and department changes (40.48%),
although the extent to which these aspects of care can be modified may be constrained by

medical considerations.

5.6 Summary

This chapter presented counterfactual analyses simulating both literature-informed and novel
interventions. Literature-based policies such as reminders and confirmations showed mixed or
negative effects in this setting, while provider consistency and commitment-based scheduling
offered more promising improvements. Extreme-value simulations highlighted provider and

patient history variables as critical leverage points for reducing missed appointments.
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Chapter 6
Discussion

This study demonstrates that decomposing appointment outcome prediction into a hierarchical
pipeline improves minority-class detection as compared to a single-stage multiclass baseline.
The hierarchy first isolates cancellations and then separates show from no-shows, consistent
with the observed proximity of cancellation and no-show classes in the t-SNE projection. In
doing so, we observe F1-score improvements of 7-10 points in comparison to their single-stage
counterparts. Ablation studies further reveal that combining static and temporal variables
outperforms using either alone, and that enriching raw features with derived variables further
enhances predictive performance. In addition, for cancellations and no-shows, the pipeline
predicts the most likely underlying reason for the missed appointment. This enables a
counterfactual analysis to evaluate the effectiveness of operational interventions that clinics
can implement to reduce the numbers of missed appointments. We find that common
strategies (e.g., appointment reminders) may be much less effective than often claimed,
and develop alternative strategies that, using our modeling approach, have greater impact.
Thus, our study contributes to the literature by introducing a novel MLL model that achieves
superior results—despite data constraints imposed by real-world operational workflows—and
showcases its unique prescriptive value when applied to a specialized clinical setting, such as
chemotherapy treatment.

The results support two practical levers. First, integrating static attributes with de-
rived temporal features substantially improves the identification of patients that may be at
risk of missing an appointment, which is critical for targeted outreach. Second, the coun-
terfactual analysis suggests multiple strategies—patient confirmation programs and better
provider /department care continuity—can effectively reduce the number of no-shows and/or
cancellations. This suggests that multiple interventions can reduce their incidence, providing
providers with flexibility to balance improved care quality with cost-effectiveness.

Importantly, this framework can be readily implemented in clinical practice through
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integration with existing scheduling tools. Model outputs can be directly embedded into
dashboards as color-coded alerts or flags, which would allow care teams to immediately provide
outreach or proactively adjust appointments. Moreover, rather than merely flagging at-risk
patients, the framework also attempts to explain why they might miss their next appointment.
Thus, our approach supports prescriptive decision-making with data-driven, scenario-specific
estimates of impact. This is particularly important in the context of outpatient chemotherapy
treatment, where the magnitude of previously published interventions does not necessarily
generalize directly to our setting.

This study is limited by the type of data that is collected. Due to the sensitivity of
patient-level information and the challenges of mining electronic health records, our analysis
relies exclusively on operational-level data. Thus, future work should incorporate additional
modalities such as demographic information, socioeconomic data, as well as unstructured
electronic health records (e.g., clinical notes, pathology reports, communication logs). These
sources may capture patient- or context-specific factors influencing attendance that are not
reflected in structured scheduling data. In addition, our analysis reports offline predictive
performance and simulated counterfactual effects, and we do not claim causal interpretation
of the results. Future work should validate the accuracy and robustness of these findings
in experimental settings. Nevertheless, although our findings are grounded in oncology
scheduling, the hierarchical ML and prescriptive framework is broadly applicable to other
domains—such as primary care, mental health, and chronic disease management—where
appointment adherence is critical. Core elements such as the hierarchical approach, a reason
prediction model, and counterfactual analysis may translate well. Thus, future work should

look to validate the general framework in other outpatient settings.

Reproducibility and Code Availability

All tables and figures can be reproduced from the defined features, data partitions, and thresh-
olds. Hyperparameters, search ranges, computing environment, and full training/evaluation
scripts are maintained in the following GitHub repository:

https://github.com/mrrajabzadeh/Hierarchical-ML-for-Missed-Chemotherapy-Appointment-Prevention
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