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Background: Cognitive behavioral therapy for insomnia (CBT-I) is the first-line treatment for chronic insomnia, yet a significant
proportion of patients fail to achieve favorable outcomes. Baseline-only prognostic models show limited predictive performance, and
the added value of early treatment variables remains unclear. This retrospective study aimed to investigate this issue.

Methods: We retrospectively included 1059 patients who completed face-to-face group CBT-I. Post-treatment outcomes were
assessed using the Insomnia Severity Index (ISI), and 12-month follow-up outcomes were evaluated using the Pittsburgh Sleep
Quality Index (PSQI). The dataset was randomly split into training (70%) and test (30%) sets. Candidate predictors were selected
using Least Absolute Shrinkage and Selection Operator, Random Forest, and eXtreme Gradient Boosting. Variables consistently
identified across all three algorithms were entered into multivariable logistic regression models. Predictive performance of baseline-
only and combined models (baseline plus early treatment variables) was evaluated using the area under the receiver operating
characteristic curve (AUC) and Brier Score, with bootstrap resampling used for model comparison.

Results: Unfavorable outcomes were observed in 32.4% of patients at post-treatment (neither ISI < 8 nor a reduction > 7) and in
44.5% at the 12-month follow-up (PSQI > 5). The combined model significantly outperformed the baseline-only model in predicting
post-treatment outcomes in the test set (AUC: 0.741 vs 0.630, p < 0.001), with week 2 ISI change identified as the strongest predictor.
For the 12-month follow-up, the combined model demonstrated a non-significantly higher AUC compared with the baseline-only
model (0.742 vs 0.735, p > 0.05), with age emerging as the strongest predictor.

Conclusion: Incorporating early treatment variables, particularly Week 2 ISI score reduction, may provide incremental value in
predicting short-term CBT-I outcomes. However, the added value of early treatment variables for long-term outcomes appeared
limited.
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Background
Insomnia is a prevalent clinical condition affecting approximately 10-15% of the population." Beyond sleep distur-
bances, this disorder imposes a multifaceted burden on patients, including reduced quality of life, psychological distress,
and impaired physical functioning. Cognitive behavioral therapy for insomnia (CBT-I) is a structured multicomponent
intervention that targets the maladaptive behaviors and cognitions which perpetuate insomnia. Clinical guidelines
consistently designate CBT-I as the first-line treatment for insomnia.>® Substantial evidence from meta-analyses
demonstrates the significant efficacy of CBT-I in alleviating insomnia symptoms and improving sleep quality.’*
Moreover, these benefits are durable, with long-term effects maintained after treatment discontinuation.’ ©

However, despite its established efficacy, approximately 40% of patients fail to achieve a clinically meaningful
response to standard face-to-face CBT-1.” This heterogeneity in treatment response highlights the critical need for
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predictive tools to identify individuals at risk of suboptimal outcomes prior to or early in the treatment course. Accurate
prognostic models could facilitate personalized treatment strategies, such as treatment intensification or early adaptation,
thereby improving overall clinical effectiveness.

Several studies have attempted to predict CBT-I outcomes using baseline demographic, clinical, and sleep-related
variables.® For short-term outcomes, baseline insomnia severity has been identified as an important predictor in most
prognostic models.” '' Additionally, some models found that sleep-related beliefs and baseline anxiety and depression
symptoms may also contribute to predicting treatment outcomes.”'? For long-term outcomes, baseline insomnia severity
and age have also been reported as predictors in some studies.'*'* However, the clinical utility of existing baseline-only
prognostic models remains limited, with reported discrimination frequently below acceptable thresholds (area under the
receiver operating characteristic curve [AUC] < 0.70 in test samples).'" These findings suggest that pretreatment
characteristics alone may be insufficient to capture the dynamic processes that unfold during CBT-I and influence
treatment response.

In recent years, there has been a growing recognition that personalized care should not be limited to pretreatment
matching, but should also include dynamic treatment adjustments based on ongoing response indicators.'> First, these
early treatment indicators may help identify a critical clinical decision window, during which timely adjustments to the
intervention can be taken. Second, their inclusion may contribute to the predictive performance of the models. In
psychotherapy research, early symptom change has consistently been shown to predict treatment outcomes across a range
of disorders, including depression, anxiety, and personality disorders.'®'® Early improvement may reflect patients’
positive characteristics, such as higher therapeutic engagement and better behavioral adherence, which are associated
with favorable outcomes. Moreover, early response might promote neurocognitive adaptation, including reduced
disorder-related anxiety and enhanced self-efficacy, thereby establishing a positive feedback loop that sustains treatment
success.

Within the context of CBT-I, however, the prognostic value of early treatment variables remains largely unexplored. It
is unclear whether integrating early treatment factors with baseline characteristics improves outcome prediction, and
which early indicators are most informative. Moreover, little is known about whether early treatment variables
differentially predict short-term versus long-term outcomes following CBT-1.

In the present study, we sought to address these gaps by developing prognostic models for post-treatment and 12-
month follow-up outcomes of CBT-I that integrate both baseline and early treatment variables. By comparing combined
models incorporating early treatment variables with baseline-only models, we aimed to evaluate the added prognostic
value of early treatment factors and to identify key predictors emerging during the early phase of CBT-1.

Method

Participants

In this retrospective study, we reviewed clinical records of patients who received CBT-I at the Sleep Medicine Center of
Xiamen Xianyue Hospital between September 2015 and May 2022. A total of 1274 patients who underwent face-to-face,
group-based CBT-I were initially identified from the database. Inclusion criteria were: (1) diagnosis of chronic insomnia
disorder based on the International Classification of Sleep Disorders, third edition criteria (ICSD-3); (2) a baseline
Insomnia Severity Index (ISI) score>8; (3) age>18. Exclusion criteria were: (1) non-attendance of the final CBT-I
session; (2) missing ISI data at post-treatment. A detailed participant flowchart is presented in Figure 1.

Procedure of CBT-I

All patients underwent a formal psychiatric evaluation and were diagnosed with insomnia according to the ICSD-3
criteria by a psychiatrist or sleep physician prior to receiving the therapy. Standard face-to-face group CBT-I was
delivered by therapists with specialized training in behavioral sleep medicine. The main components of therapy include
sleep restriction therapy (SRT), stimulus control therapy (SCT), cognitive therapy, sleep hygiene, relaxation therapy.’
Treatment consisted of five weekly sessions (180 min each) with between four and seven participants per group. Baseline
assessments were conducted one week prior to the treatment using standardized questionnaires, sleep diaries, and
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Figure | Flowchart of the study participants.

actigraphy. SCT and SRT were started in week 1, while cognitive therapy started in week 3. Detailed CBT-I procedure as
delivered in our sleep center is described in Supplementary Table S1.

Data Collection

All data were obtained from clinical treatment records. Variables were collected from two time points: (1) Baseline
variables, including demographics, clinical characteristics, psychometric measures and sleep parameters assessed before
treatment; and (2) Early treatment variables, which included psychometric measures and sleep parameters (see
Psychometric Measures for details).

Early treatment variables were defined as those assessed at Week 2. This time point was selected to balance predictive
accuracy with the availability of sufficient remaining treatment sessions for potential clinical adaptation. Week 2 falls
within the first half of the 5-session treatment protocol, consistent with prior psychotherapy research indicating that early
symptom change during the first half of treatment provides clinically meaningful prognostic information.'”

In total, 45 candidate predictors were included in the analysis, comprising 24 baseline variables and 21 early
treatment variables. A complete list of all candidate predictors is provided in Table 1. The pool of these candidate
variables was selected based on extensive literature review and clinical expertise.

Demographics and Clinical Characteristics

As shown in Table 1, candidate predictors for demographic and clinical variables included sex, age, educational
attainment, employment status, marital status, body mass index (BMI), duration of insomnia, tea or coffee consumption,
and pre-treatment medication use. Employment status was categorized as “Employed” or “Other”. The “Other” category
mainly comprised participants who were unemployed, retired, students, or homemakers. Pre-treatment medication use
was thoroughly documented, with a focus on two drug classes: (a) hypnotics, primarily including benzodiazepines
(BZDs), non-benzodiazepine receptor agonists (non-BZDs), sedating antidepressants, sedating antipsychotics, and
melatonin receptor agonists, among others; and (b) non-sedating antidepressants/anxiolytics, primarily including selec-
tive serotonin reuptake Inhibitors (SSRIs), serotonin—norepinephrine reuptake Inhibitors (SNRIs), and 5-HT1A receptor
agonists, among others.
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Table | Comparison of candidate variables between the two post-treatment outcome groups

Missing (%) Total (n = 1059) Favorable Unfavorable p-value
Outcome Outcome (n = 343)
(n=1716)
Baseline variables
Sex, n (%) 0% 0.067
Female 694 (66) 483 (67) 211 (62)
Male 365 (34) 233 (33) 132 (38)
Age, M (P25, P75) 0.1% 41 (33, 50) 40 (33, 49) 43 (34, 52) 0.002
Educational attainment, 0.8% 0.595
n (%)
llliterate or Primary school 68 (6) 42 (5) 26 (7)
Junior high school 192 (17) 130 (17) 62 (17)
Senior high school 449 (39) 305 (39) 144 (39)
College or above 444 (38) 309 (39) 135 (37)
employment status, n (%) 0.8% 0.001
Employed 666 (63) 474 (67) 192 (56)
Other 391 (37) 234 (33) 151 (44)
Married, n (%) 0.4% 875 (83) 587 (82) 288 (84) 0.598
BMI, M (P25, P75) 7.1% 21.5 (19.7, 23.3) 21.5 (19.7, 23.4) 21.4(19.7, 23.3) 0.930
Duration of insomnia 7.5% 36 (12, 120) 36 (12, 120) 36 (12, 120) 0.803
(month), M (P25, P75)
Tea/coffee Consumption, n 0% 245 (23) 179 (25) 66 (19) 0.045
(%)
Hypnotic use, n (%) 0% 727 (69) 475 (66) 252 (74) 0.021
Antidepressant/ anxiolytic 0% 238 (23) 160 (22) 78 (23) 0.938
use, n (%)
Baseline psychometric measures
ISI, M (P25, P75) 0% 19 (15, 22) 20 (16, 23) 17 (15, 20) < 0.001
BDI, M (P25, P75) 0.7% 13 (8, 19) 13 (8, 19) 13 (8, 19) 0.846
BAI, M (P25, P75) 1.0% 29 (25, 35) 29 (25, 36) 29 (25, 34) 0.360
FFS, M (P25, P75) 0.6% 139, 17) 13.(9, 17) 13 (9, 16) 0.835
DBAS, M (P25, P75) 14.4% 84 (76, 90) 84 (76, 90) 84 (76, 91) 0.746
Baseline sleep diary
TST (min), M (P25, P75) 1.9% 369.3 (3084, 417.1) | 375.7 (318.6, 420.4) 357.1 (294.3, 406.0) 0.002
SE (%), M (P25, P75) 1.8% 75.5 (64.8, 83.6) 76.4 (66.4, 84.2) 73.0 (6, 82.1) 0.002
SOL (min), M (P25, P75) 1.5% 42.0 (27.1, 65.4) 42.1 (279, 64.3) 41.6 (27.1, 65.7) 0.741
WASO (min), M (P25, P75) 2.2% 22.0 (6.9, 49.0) 20.0 (5.7, 43.0) 29.0 (9.5, 52.0) 0.006
TIB (min), M (P25, P75) 1.6% 494.2 (461.4, 531.2) | 495.0 (461.9, 533.2) 493.3 (461.1, 526.0) 0.331
Baseline actigraphy
TST (min), M (P25, P75) 2.7% 414.4 (384.8, 450.1) | 413.7 (386.0, 450.1) 415.9 (382.2, 449.3) 0.835
SE (%), M (P25, P75) 2.9% 84.0 (80.0, 87.6) 83.8 (80.0, 87.6) 84.3 (80.0, 87.8) 0.705
SOL (min), M (P25, P75) 2.7% 142 (8.6, 24.2) 14.3 (8.6, 25.0) 13.9 (8.1, 22.7) 0.407
TIB (min), M (P25, P75) 2.8% 498.8 (466.9, 532.1) | 498.6 (467.9, 534.2) 499.4 (464.3, 528.5) 0.608
Early treatment variables
Week 2 psychometric measures
ISI, M (P25, P75) 0.8% 13 (9, 16) 12 (9, 15) 14 (11, 18) < 0.001
ISI change, M (P25, P75) 0.8% -6 (-9, -2) -7 (-10, -4) -3 (-5, 0) < 0.001
(Continued)
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Table 1 (Continued).

Missing (%) Total (n = 1059) Favorable Unfavorable p-value
Outcome Outcome (n = 343)
(n=716)
Week 2 sleep diary
TST (min), M (P25, P75) 1.3% 323.6 (284.3, 360.9) | 327.9 (289.3, 363.7) 312.1 (271.4, 353.0) <0.001
SOL (min), M (P25,P75) 1.4% 27.1 (17.3, 42.1) 27.1 (17.1, 40.0) 28.6 (18.6, 47.1) 0.016
SE (%), M (P25, P75) 1.5% 83.5 (75.3, 89.5) 84.9 (77.1, 89.9) 80.5 (72.6, 88.0) <0.001
WASO (min), M (P25, P75) 1.9% 13.0 (3.1, 29.0) 11.0 (2.9, 27.8) 16.0 (4.1, 34.0) 0.002
TIB (min), M (P25, P75) 1.4% 390.3 (361.0, 422.2) | 391.6 (363.0, 423.6) 390.0 (360.0, 421.1) 0.271
Week 2 actigraphy
TST (min), M (P25, P75) 2.1% 343.7 (314.7, 370.9) | 3444 (317.0,371.4) 340.3 (311.4, 368.9) 0.130
SE (%), M (P25, P75) 2.2% 86.6 (82.6, 89.9) 86.9 (82.8, 90.1) 86.2 (82.1, 89.4) 0.063
SOL (min), M (P25, P75) 2.1% 6.7 (3.9, 12.1) 6.6 (3.9, 11.7) 6.9 (4.1, 13.1) 0.285
TIB (min), M (P25, P75) 2.1% 397.9 (370.6, 427.8) | 398.1 (370.7, 427.4) 395.7 (369.3, 427.9) 0.481
Week 2 sleep diary change
TST change, M (P25, P75) 3.1% -44.4 (-85.4, -3.7) -43.0 (-87.1, -4.6) -44.6 (-82.4, -2.9) 0.955
SE change, M (P25, P75) 3.3% 6.9 (0.9, 15.3) 7.0 (1.7, 15.2) 6.5 (-0.4, 15.9) 0.235
SOL change, M (P25, P75) 2.9% -12.9 (-31.4, -1.4) -14.3 (-32.3, -2.9) -10.0 (-27.9, 0.8) 0.024
WASO change, M (P25, 3.4% -6.4 (-23.6, 1.8) -5.7 (-22.0, 1.3) -9.0 (-28.0, 2.8) 0.497
P75)
TIB change, M (P25, P75) 3.0% -102.3 (-135.9, -101.4 (-136.0, -70.1) | -104.3 (-135.0, -69.3) 0.887
-70.1)
Week2 actigraphy change
TST change, M (P25, P75) 4.8% -71.0 (-100.3, -43.7) -69.9 (-98.1, -41.9) -75.6 (-108.1, -45.5) 0.052
SE change, M (P25, P75) 4.9% 2.3 (-0.3, 5.5) 2.5 (0.0,5.7) 1.6 (-0.8, 4.5) 0.004
SOL change, M (P25, P75) 4.7% -6.2 (-15.4, -0.9) -6.6 (-16.1, -1.3) -5.8 (-13.6, -0.4) 0.159
TIB change, Mean + SD 4.7% -99.94 + 54.05 -99.34 £ 53.38 -101.25 £ 55.53 0.606
Week2 TIB difference 2.1% 28.7 (11.7, 58.1) 28.0 (12.1, 55.3) 29.4 (10.2, 61.9) 0.806
(min), M (P25, P75)

Abbreviations: M (P25, P75), median (25th percentile, 75th percentile); BMI, body mass index; BDI, Beck Depression Inventory; BAI, Beck Anxiety
Inventory; FFS, Flinders Fatigue Scale; ISI, Insomnia Severity Index; DBAS, Dysfunctional Beliefs and Attitudes about Sleep Scale; TST, total sleep time; SE, sleep
efficiency; SOL, sleep onset latency; WASO: wake after sleep onset; TIB, time in bed.

Psychometric Measures

Baseline Psychometric measures included ISI, Beck Depression Inventory (BDI), Beck Anxiety Inventory (BAI),
Flinders Fatigue Scale (FFS), and Dysfunctional Beliefs and Attitudes about Sleep Scale (DBAS). Psychometric
measures at week 2 included only the ISI.

The ISI is a 7-item self-report questionnaire that assesses the severity and impact of insomnia symptoms over the past
two weeks; scores range from 0 to 28, with higher scores indicating greater severity.'” The BDI and BAI are both 21-item
questionnaires designed to assess the intensity of depressive and anxiety symptoms over the past week, respectively.?>!
The FFS (7 items) measures insomnia-related daytime fatigue over the past two weeks,?? and the DBAS (30 items)

evaluates sleep-related beliefs and attitudes.*

Sleep Parameters

Subjective sleep pattern was assessed using a Chinese-language sleep diary completed daily by participants. The
following five items from the sleep diary were used to derive the subjective sleep parameters: (1) “What time did you
turn off the lights?” (lights-off time); (2) “How many minutes did it take you to fall asleep?” (sleep onset latency, SOL);
(3) “What was your total sleep time last night?” (total sleep time, TST); (4) “What time did you finally get out of bed?”
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(get-up time); (5) “What was the total time you spent awake during the night, from first falling asleep until the final
awakening?” (wake after sleep onset, WASO). From these items, time in bed (TIB) was calculated as the interval
between lights-off time and get-up time, and sleep efficiency (SE) was calculated as (TST/TIB) x 100%. Weekly mean
values were then computed for SOL, TST, WASO, TIB, and SE at baseline and week 2.

Objective sleep parameters were assessed using actigraphy. Portable devices provide a practical approach for
evaluating sleep disorders,”* and previous studies have supported the validity of actigraphy for sleep measurement.”
Weekly averages of SOL, TST, TIB, and SE were obtained from actigraphy. Changes in sleep parameters were calculated
as the difference between Week 2 and baseline values (Week 2 minus baseline).

Adherence

Following the method described by Riedel et al,>® we quantified adherence to SRT using the weekly TIB difference
(calculated as mean actigraphy-measured TIB minus prescribed TIB) A smaller difference indicated better adherence.
Adherence calculated at week 2 was also included as early treatment variable.

Outcome Measures
Post-treatment outcomes were assessed using the ISI. Treatment response was defined as a reduction of > 7 points from
baseline, and remission was defined as a post-treatment ISI score < 8.'° Patients who failed to meet either criterion were
classified as having an unfavorable post-treatment outcome.

Long-term outcomes were assessed at the 12-month follow-up using the Pittsburgh Sleep Quality Index (PSQI),
which evaluates sleep quality and disturbances over the past month.?” A global PSQI score > 5 was categorized as an
unfavorable outcome.

Statistical Analysis

Clinical characteristics were compared between patients with favorable and unfavorable outcomes at post-treatment.
Continuous data following a normal distribution were presented as the mean + standard deviation (SD); otherwise, they
were expressed as the median with interquartile range, shown as M (P25, P75). Comparisons were conducted using
Wilcoxon rank-sum tests for continuous variables and y’-tests for categorical variables. All analyses were performed
using R (version 4.4.2). A two-tailed p-value < 0.05 was considered statistically significant.

Prognostic Model Development
The dataset was randomly divided into a training set (70%) for model development and a test set (30%) for validation.
Prior to analysis, missing values were imputed using the missForest R package. The proportion of missing data for each
variable is reported in Table 1. Missing data pattern analysis showed that most missing values were isolated to single
variables (200 cases, 58.5%), with no systematic co-occurrence between variables.

Following a validated hybrid strategy,”® machine learning methods were used for feature selection only, while multi-
variable logistic regression was employed for final model construction to maintain interpretability and clinical applicability.

Feature Selection
Three machine learning algorithms—Least Absolute Shrinkage and Selection Operator (LASSO) regression with 10-fold
cross-validation (10-fold CV), Random Forest (RF), and eXtreme Gradient Boosting (XGBoost)—were applied for
preliminary feature ranking. Variables were ranked according to their importance in RF and XGBoost models, and by the
absolute value of regression coefficients in LASSO. A consensus ranking strategy was then used to identify stable
predictors, defined as variables consistently appearing among the top N ranked features across all three algorithms.
The optimal value of N was determined using a sensitivity analysis. Specifically, for each candidate value of N,
multivariable logistic regression models were constructed using the corresponding top N consensus features, and
predictive performance was evaluated using repeated 10-fold CV. The optimal feature set size was defined as the
smallest N at which the mean area under the receiver operating characteristic curve (AUC) reached a plateau, indicating
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no meaningful improvement with increasing feature number. The results of the sensitivity analysis are presented in
Supplementary Figure S1.

Multicollinearity among selected features was assessed using variance inflation factors (VIF), and no significant
collinearity was observed. All feature selection procedures were performed exclusively in the training set.

Model Construction and Evaluation
Separate multivariable logistic regression models were constructed for post-treatment and 12-month follow-up outcomes
using the selected predictors. To evaluate the added predictive value of early treatment variables, two models were
developed for each outcome: a baseline model including only baseline variables, and a combined model additionally
incorporating early treatment variables. For clinical interpretability, final models were visualized using nomograms.

Model discrimination was evaluated using the AUC, and calibration was assessed using the Brier Score (BS) and
calibration plots. Model performance was evaluated using 10-fold cross-validation with 10 repeats for internal validation,
and an independent hold-out test set was subsequently used to assess the final model performance. To formally compare
the performance of baseline-only and combined models, bootstrap resampling with 1000 iterations was used to estimate
the distribution of AUC differences in both training and test sets.

Given the potential for bias due to loss at the 12-month follow-up, we conducted a sensitivity analysis assess the
robustness of our findings for the long-term outcome model. We performed best-case and worst-case scenario imputa-
tions for missing outcomes and re-evaluated the model’s performance.

Results

General Characteristics
Of the 1274 patients initially identified, 1133 met the inclusion criteria. After excluding 74 patients who met the exclusion criteria,
a total of 1059 patients were included in the final analysis. The 12-months follow-up completion rate was 75.4% (n = 799).

At post-treatment, 343 patients (32.4%) were classified as having an unfavorable outcome (neither response nor
remission). At the 12-month follow-up, 355 patients (44.5%) had an unfavorable outcome (PSQI > 5). Of the 1059
patients included in the final analysis, 1006 (95.0%) completed all five treatment sessions, 49 (4.6%) attended four
sessions, and 4 (0.4%) attended fewer than four sessions. There were no significant differences in treatment completion
rates across outcome groups (all p > 0.05).

Comparison of candidate variables between the two post-treatment outcome groups is shown in Table 1. Compared
with patients who achieved a favorable outcome, those with an unfavorable outcome were older, less likely to be
employed, and had higher rates of hypnotic use and lower rates of tea/coffee consumption (all p < 0.05). No significant
between-group differences were observed in sex, educational attainment, marital status, duration of insomnia, BMI and
rates of antidepressant/anxiolytic use (all p > 0.05).

Regarding baseline psychometric and sleep characteristics, the unfavorable outcome group had lower baseline ISI scores
than the favorable outcome group (median, 17 vs 20; p < 0.001). No significant differences were observed between the two
groups on the BDI, BAI, FFS, or DBAS (all p > 0.05). Sleep diary data indicated poorer subjective sleep at baseline in the
unfavorable group, characterized by shorter TST, longer WASO, and lower SE (all p < 0.05). In contrast, no significant
between-group differences were observed in objective actigraphy-derived sleep parameters (all p > 0.05).

At Week 2, compared to patients with favorable outcomes, those with unfavorable outcomes exhibited a markedly
smaller reduction in ISI score from baseline (median change: —3 vs —7, p < 0.001), and had higher absolute ISI scores at
the Week 2 assessment (median: 14 vs 12, p < 0.001). Sleep diary data at Week 2 consistently indicated poorer subjective
sleep in the unfavorable outcome group, characterized by longer SOL and WASO, shorter TST, and lower SE (all p <
0.05). Reductions in SOL from baseline to Week 2 were significantly smaller in the unfavorable group (median change:
—10.0 vs —14.3; p = 0.024). In contrast, actigraphy-derived sleep parameters at Week 2 showed minimal between-group
differences; only the change in SE differed significantly, with a lower change observed in the unfavorable outcome group
(median change: 1.6% vs 2.5%; p = 0.004). The TIB difference at Week 2 did not differ significantly between groups.

In exploratory analyses comparing sleep diary and actigraphy parameters, actigraphy yielded longer TST, shorter
SOL, and higher SE than sleep diary at baseline and Week 2 (see Supplementary Table S2).
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Feature Selection and Model Construction
For Post-Treatment Outcome
Sensitivity analysis for feature set size determination (Supplementary Figure S1) showed that the AUC plateaued when

consensus features were selected as those common to the top 8 features of LASSO, Random Forest, and XGBoost for the
baseline-only model and top 12 features for the combined model. Using this threshold, six consensus features were
identified for the baseline-only model (Baseline ISI score; Baseline FFS score; Baseline sleep diary SE; Age; Baseline
sleep diary TST; Duration of insomnia) (Figure 2A), and four for the combined model (Week 2 ISI change; Week 2 TIB
difference; Week 2 actigraphy TST change; Baseline ISI score) (Figure 2B).

Using the selected features, multivariable logistic regression models were constructed and presented as nomograms.
The nomogram for the baseline-only model (Figure 3A) indicated that baseline ISI score had the widest point range
among the predictors, identifying it as the most influential contributor to outcome prediction. However, in the nomogram
for the combined model (Figure 3B), the top three predictors ranked by contribution were all early-treatment variables.
Week 2 ISI change emerged as the strongest predictor with the widest point range, whereas Week 2 TIB difference and
Week 2 actigraphy TST change exhibited substantially narrower point ranges.

In the training set, the baseline-only model achieved a mean CV-AUC of 0.683 (SD = 0.065), whereas the combined
model yielded a mean CV-AUC of 0.752 (SD = 0.060). In the test set, the baseline-only model achieved an AUC of 0.630
(95% CI: 0.562—-0.698) and a Brier score of 0.207 (95% CI: 0.184-0.228), while the combined model achieved an AUC
of 0.741 (95% CI: 0.683—-0.798) and a Brier score of 0.180 (95% CI: 0.159-0.202). Figure 4A compares the ROC curves
of the two models in the test set.

Bootstrap resampling indicated that the combined model outperformed the baseline-only model, with a difference in
mean CV-AUC of 0.061 (95% CI: 0.012—0.107; p = 0.013) in the training set and a difference in AUC of 0.111 (95% CI:
0.045-0.182; p < 0.001) in the test set.

Calibration curves for the two models are shown in Figure 4B. The combined model tended to show better calibration
than the baseline-only model, with closer alignment with the ideal diagonal line across the entire predicted probability
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Figure 2 Top important features selected by machine learning algorithms for post-treatment outcome models. (A) Feature selection for the baseline-only model. Panel
shows the top 8 important features selected from 24 baseline variables. (B) Feature selection for the combined model. Panel shows the top |12 important features selected
from 45 variables. Features are ranked by decreasing importance (or coefficient magnitude).
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Figure 3 Nomograms for predicting the probability of post-treatment unfavorable outcome. (A) Nomogram derived from the baseline-only model. (B) Nomogram derived
from the combined model. To estimate risk, sum the points for each predictor, then project the total points downward to the probability axis.

Notes: For graphical purposes, the nomogram displays age starting from |5 and insomnia duration from 0. However, the actual study population ranges were age 2 |18 years
and insomnia duration = 3 months. Risk predictions should only be made using values within these actual study ranges.
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Figure 4 Comparison of ROC curves and Calibration curves for two post-treatment models in the test set. (A) ROC curves: The combined model (red curve)
demonstrated superior discriminative ability to the baseline-only model (blue curve), with an AUC of 0.741 versus 0.630. The difference between the two AUCs was
statistically significant (p < 0.001). (B) Calibration curves: The combined model (red curve) shows better alignment with the ideal diagonal line than the Baseline-only model
(blue curve), indicating better calibration.

Abbreviations: ROC, Receiver Operating Characteristic curve; AUC, Area Under the Curve.

For 12-Month Follow-Up Outcome

Sensitivity analysis further showed that the AUC plateaued when consensus features were selected as those common to
the top 5 features of LASSO, Random Forest, and XGBoost for the baseline-only model and top 11 features for the
combined model. Using this threshold, four consensus features were identified for the baseline-only model (Age;
Duration of insomnia; Baseline ISI score; Baseline sleep diary SE) (Figure 5A), and five for the combined model
(Age; Duration of insomnia; Week 2 sleep diary SE; Baseline ISI score; Baseline sleep diary SE) (Figure 5B).

Nomograms for both the baseline-only (Figure 6A) and combined models (Figure 6B) consistently indicated age as
the most influential predictor, followed by duration of insomnia.

The baseline-only model achieved a mean CV-AUC of 0.739 (SD = 0.061) in the training set, an AUC of 0.735 (95%
CI: 0.664-0.792) (Figure 7A), and a Brier score of 0.210 (95% CI: 0.187-0.232) in the test set. In comparison, the
combined model yielded slightly higher performance, with a mean CV-AUC of 0.743 (SD = 0.061) in the training set,
and an AUC of 0.742 (95% CI: 0.683—0.807) and a Brier score of 0.204 (95% CI: 0.180—0.226) in the test set. However,
bootstrap resampling analysis indicated that the improvement in discriminatory performance was not statistically
significant (all p > 0.05).

Calibration curves for the two models are shown in Figure 7B. Both models demonstrated good and similar
calibration performance, with their curves closely following the ideal diagonal line across most of the predicted
probability range.

Consistent with the primary analysis, the sensitivity analysis for missing 12-month follow-up data yielded similar
results. When all lost-to-follow-up patients were alternatively assumed to have unfavorable or favorable outcomes, the
combined model consistently demonstrated slightly higher AUCs than the baseline-only model (0.693 vs 0.684 and 0.688
vs 0.685). Nevertheless, bootstrap analyses confirmed that these differences did not reach statistical significance under
either assumption (all p > 0.05).

Discussion
This study suggests that incorporating early treatment variables can meaningfully improve the prediction of post-
treatment outcomes following CBT-I, beyond what can be achieved using baseline characteristics alone. In particular,
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Figure 6 Nomograms for predicting the probability of 12-month follow-up unfavorable outcome. (A) Nomogram derived from the baseline-only model; (B) Nomogram

derived from the combined model.

Notes: For graphical purposes, the nomogram displays age starting from |5 and insomnia duration from 0. However, the actual study population ranges were age 2 |18 years
and insomnia duration 23 months. Risk predictions should only be made using values within these actual study ranges.
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Figure 7 Comparison of ROC curves and Calibration curves for two |2-month follow-up models in the test set. (A) ROC curves: The combined model (red curve)
demonstrated slightly improved discriminative ability compared with the baseline-only model (blue curve), with an AUC of 0.742 versus 0.735. This improvement was not
statistically significant (p > 0.05); (B) Calibration curves. Both models showed good and similar calibration, each closely tracking the ideal diagonal line across most of the
predicted probability range.

Abbreviations: ROC, Receiver Operating Characteristic curve; AUC, Area Under the Curve.

reduction in insomnia severity during the early treatment phase emerged as the most informative predictor of post-
treatment outcomes. However, the added predictive information of early treatment variables for 12-month follow-up
outcomes appears limited and did not reach statistical significance, suggesting that the prognostic value of early treatment
factors differs between short-term and long-term outcomes.

Regarding post-treatment outcome, most prior studies have consistently reported baseline insomnia severity as the
most important predictor of CBT-I outcome.®'" This is partially reflected in our baseline-only model for the post-treat-
ment outcome, where a higher baseline ISI score was associated with a lower risk of an unfavorable outcome. However,
the predictive importance of Week 2 ISI change outweighed that of the baseline ISI score in the combined model,
suggesting that early treatment variables may carry more prognostic information for short-term treatment outcomes than
baseline variables.

We found that a greater reduction in the ISI score at Week 2 was associated with a reduced probability of an
unfavorable outcome. This pattern is broadly consistent with studies on psychological treatments for other disorders,
which suggest that early symptom improvement may indicate better outcomes.''® These early changes may be
associated with underlying processes such as therapeutic engagement, behavioral adherence, and neurocognitive adapta-
tion. Within the specific context of CBT-1, it is possible that early symptom improvement may correspond to greater
responsiveness to the behavioral components delivered in the initial treatment phase. Moreover, because the ISI captures
subjective sleep quality, its improvement might be detectable as early as week 2, potentially earlier than that of some
other sleep parameters. This could partly explain why ISI was the most informative predictor among all early treatment
variables at week 2.

Week 2 TIB difference and Week 2 actigraphy TST change were also identified as the important early treatment
predictor for post-treatment outcomes. Within the multivariable logistic regression model, higher Week 2 TIB difference
(indicating lower adherence to SRT) and greater reduction in Week 2 actigraphy TST were associated with a higher
probability of an unfavorable outcome. Previous studies have shown that adherence to behavioral strategies influences
CBT-I outcomes.”” Our study further found that adherence at an early stage was associated with treatment outcomes.
However, on the nomogram, the narrower point ranges of Week 2 actigraphy TST change and TIB difference suggest that
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these two factors provide only modest incremental predictive value beyond the strong signal captured by Week 2 ISI
change.

In the 12-month follow-up outcome models, baseline predictors showed significantly greater predictive importance
than early treatment predictors. Specifically, older age and longer insomnia duration were the two factors that were most
strongly associated with an increased risk of unfavorable outcomes. This suggests that the long-term efficacy of CBT-I
may be associated with patients’ pre-existing, relatively stable characteristics. In older adults, age-related changes in
sleep architecture may limit the extent to which insomnia is fully reversible.>* Similarly, a longer duration of insomnia
may correspond to more deeply entrenched perpetuating factors, which might limit sustained treatment response even
after completion of a standard CBT-I program.

Notably, even after incorporating early treatment variables, model performance for predicting 12-month outcomes did
not improve significantly. First, early treatment predictors may be more vulnerable to confounding, attenuating their
signal-to-noise ratio for long-term prediction and thereby biasing estimates toward the null. Second, measurement
limitations should also be considered. Third, improvements achieved during the early phase of treatment (eg, behavioral
adjustments) may not be consistently maintained after treatment completion. Variability in post-treatment adherence to
CBT-I skills and environmental influences are plausible but unmeasured moderators of long-term outcomes.

In summary, this study demonstrated the short-term efficacy of CBT-1 and the durability of treatment gains at 12-
month follow-up, which is consistent with prior evidence.’*® Nevertheless, a significant proportion of patients still fail to
achieve favorable outcomes. To better identify these individuals, we developed prognostic models to examine the added
prognostic value of early treatment variables. Our results suggest that the predictive utility of early treatment variables
may be time-horizon dependent: they are more informative for short-term outcomes, whereas long-term outcomes are
more strongly influenced by stable baseline characteristics.

In this study, we used the ISI for post-treatment assessment and the PSQI for follow-up evaluation. Both ques-
tionnaires are widely used outcome measures in CBT-I research.’ The version of the PSQI employed in this study
assesses insomnia symptoms over the past month, making it more suitable for long-term follow-up than for immediate
post-treatment evaluation. Moreover, since the primary aim of this study was to compare the predictive performance of
the combined and baseline-only models for each outcome, the use of different instruments for post-treatment and follow-
up assessments is unlikely to substantially affect the comparative conclusions.

This study has several limitations. First, the retrospective nature of the data did not allow for the inclusion of all
potential predictors, which might have impacted the model’s predictive accuracy. Thus, future prospective studies are
warranted to validate these findings. Second, missing data may have introduced bias. To mitigate this, we imputed
variables with missing values using the MissForest algorithm. Third, loss to follow-up at 12-month is a potential source
of bias. Although sensitivity analyses that imputed extreme outcomes for missing data consistently supported the
robustness of our primary finding, the possibility of non-random attrition cannot be fully ruled out. Fourth, the
consensus-based feature selection strategy is relatively stringent. However, it can help control model complexity and
reduce overfitting risk from excessive features. This allows for a more accurate assessment of the true predictive gain of
early treatment features. Fifth, the risk of overfitting cannot be entirely ruled out, even though we performed internal
validation using repeated cross-validation and an independent hold-out set. Therefore, external validation in a distinct
cohort is required to confirm the model’s generalizability.

Conclusions

This study suggests that incorporating early treatment variables may provide incremental value over baseline information
alone in predicting CBT-I short-term outcomes. Week 2 ISI score reduction appeared to be the most informative predictor
of post-treatment outcome. Nevertheless, 12-month follow-up outcomes may be more closely related to baseline
characteristics, and the added value of early treatment variables for predicting long-term outcomes appeared limited.
These findings are preliminary and warrant further validation.
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