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Abstract
Objective: To determine if natural language processing (NLP) and machine learning (ML) techniques accurately identify interview-based psycho
logical stress and meaning/purpose data in child/adolescent cancer survivors.
Materials and Methods: Interviews were conducted with 51 survivors (aged 8-17.9 years; ≥5-years post-therapy) from St Jude Children’s 
Research Hospital. Two content experts coded 244 and 513 semantic units, focusing on attributes of psychological stress (anger, controllability/ 
manageability, fear/anxiety) and attributes of meaning/purpose (goal, optimism, purpose). Content experts extracted specific attributes from the 
interviews, which were designated as the gold standard. Two NLP/ML methods, Word2Vec with Extreme Gradient Boosting (XGBoost), and 
Bidirectional Encoder Representations from Transformers Large (BERTLarge), were validated using accuracy, areas under the receiver operating 
characteristic curves (AUROCC), and under the precision-recall curves (AUPRC).
Results: BERTLarge demonstrated higher accuracy, AUROCC, and AUPRC in identifying all attributes of psychological stress and meaning/pur
pose versus Word2Vec/XGBoost. BERTLarge significantly outperformed Word2Vec/XGBoost in characterizing all attributes (P<.05) except for 
the purpose attribute of meaning/purpose.
Discussion: These findings suggest that AI tools can help healthcare providers efficiently assess emotional well-being of childhood cancer sur
vivors, supporting future clinical interventions.
Conclusions: NLP/ML effectively identifies interview-based data for child/adolescent cancer survivors.

Lay Summary
Understanding the psychological well-being of childhood cancer survivors is important for improving their long-term well-being. This study 
explored whether artificial intelligence (AI) techniques, specifically natural language processing (NLP) and machine learning (ML), can accurately 
analyze interviews to detect signs of psychological stress and a sense of meaning or purpose in survivors. Researchers conducted interviews 
with 51 childhood cancer survivors, aged 8-17.9 years, who were at least 5 years post-treatment. Experts manually analyzed the interviews to 
identify expressions of stress (anger, anxiety, and control over emotions) and meaning/purpose (optimism, goals, and a sense of purpose). 
These expert-coded results served as the gold standard for evaluating AI models. Two AI methods were tested: Word2Vec with XGBoost and 
BERTLarge. The findings showed that BERTLarge was more accurate in identifying stress and meaning-related expressions compared to Word2
Vec/XGBoost. BERTLarge significantly outperformed Word2Vec/XGBoost in detecting all attributes. These results suggest that AI-driven tools 
can effectively analyze interview data, potentially helping healthcare providers assess the emotional well-being of childhood cancer survivors 
more efficiently. This approach may enhance future interventions to support survivors’ mental health.
Key words: machine learning; meaning and purpose; natural language processing; patient-reported outcomes; pediatric cancer survivors; psychological 
stress. 
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Introduction
Children diagnosed with cancer experience significant disrup
tions in daily life and psychological stress, both during treat
ment and throughout survivorship.1 Systematic reviews 
highlight the prevalence of psychological challenges in child
hood cancer survivors, with up to 35% reporting stress 
related to their cancer experience.2 For a subset of survivors, 
psychological burden may arise from the challenges of coping 
during treatment and adapting to the ongoing changes associ
ated with survivorship.3–5

Finding meaning and purpose in life (or psychological 
growth) can ameliorate psychological distress, help survivors 
develop resilience after their cancer experiences, and contrib
ute to positive personal growth.6–9 Research indicates that a 
stronger sense of meaning/purpose and reduced psychological 
stress are associated with improved quality-of-life7,10 and 
higher survival rates.11–13 Assessing survivors’ psychological 
stress and life purpose offers valuable implications for survi
vorship care beyond traditional clinical data. However, these 
issues remain underexplored, especially among survivors 
under 18 years of age in the early post-treatment stage.9

Collecting patient-reported outcomes (PROs) via surveys 
within a busy clinical setting has been challenging, especially 
since psychological stress and meaning/purpose in life are 
multifaceted constructs encompassing a range of interrelated 
concepts.14 Incorporating data collection on psychological 
stress and meaning/purpose topics into physician-patient con
versations or semi-structured interviews during clinical 
encounters could serve as a complementary approach, enrich
ing the depth and utility of traditional survey-based methods.

Analyzing qualitative PROs is challenging due to their 
unstructured nature and complexity, yet it offers valuable 
insights for delivering personalized care to survivors. 
Advanced methodologies, leveraging natural language proc
essing (NLP) and machine learning (ML), enable extracting 
meaningful information into psychological stress and sense of 
purpose from large volumes of qualitative PROs.

To advance the clinical application of qualitative PROs, 
this study utilized NLP and ML techniques to analyze the 
psychological stress and meaning/purpose concepts through 
interviews with child and adolescent cancer survivors. The 
accuracy of these NLP/ML algorithms was validated by com
paring their outputs to expert-coded findings, which served 
as the gold standard.

Methods
Study participants
Clinical Research Associates with extensive interview experi
ences conducted semi-structured interviews with childhood 
cancer survivors and their caregivers at the After Completion 
of Therapy Clinic of St Jude Children’s Research Hospital 
(hereafter “SJCRH”) in the United States. We recruited survi
vors aged 8-17 years who were at least 2 years post-therapy 
and 5 years from their initial cancer diagnosis. We collected 
data on perceived psychological stress from 53 participants. 
We transcribed the interview data and extracted 244 seman
tic units from the psychological stress interviews and 513 
semantic units from the meaning/purpose interviews. Assent 
was obtained from the survivors, and consent was obtained 
from their caregivers before study participation. The 

SJCRH’s institutional review board reviewed and approved 
the study protocol.

Qualitative interview and data extraction
We designed 2 qualitative interview guides, each with specific 
probes, to explore PROs in the domains of psychological 
stress and meaning/purpose.8 The interview guides are pro
vided in the Supplementary Data S1 section on the journal’s 
website. We defined psychological stress as a child’s negative 
thoughts or emotions about themselves and their surround
ings in response to internal or external challenges,15 and 
meaning/purpose as a child’s sense of life satisfaction, hope
fulness, and direction, reflecting their ability to find value 
and set goals in their experiences.6,16 After completing the 
interviews, we transcribed the audio recordings verbatim and 
extracted meaningful semantic units, defined as meaningful 
and interpretable sentences.

Expert labeled coding
Using the established PROMIS framework, 2 content experts 
(J.L.C. and C.M.J.) coded each PRO domain (psychological 
stress and meaning/purpose) into meaningful semantic 
units.17,18 For the psychological stress domain, semantic units 
were assigned to a specific attribute, including anger, controll
ability/manageability, and fear/anxiety. Specific attributes 
extracted from the interviews by content experts were consid
ered the gold standard. For the meaning/purpose domain, 
semantic units were assigned to a specific attribute, including 
goal orientation, optimism, and purpose. For example, in the 
psychological stress domain, when a survivor stated, “I was 
stressing out because I didn’t know how to prepare for the 
reading FSA [test],” this semantic unit was mapped to the con
cept “Felt stressed” and labeled under the attribute of controll
ability/manageability. Similarly, in the meaning/purpose 
domain, when a survivor stated, “The goal of being a nurse is 
from having cancer. I just like to help other kids who are, 
went through the same kind of things I went through,” this 
unit was mapped to the concept “have a goal for future” and 
labeled under the attribute of goal orientation.

NLP/ML techniques and statistical testing
We used NLP and NL techniques (combining Word2vec com
bined with Extreme Gradient Boosting [XGBoost])19,20 and 
NLP techniques (Bidirectional Encoder Representations from 
Transformers Large [BERTLarge]

21) to analyze the semantic 
attributes. Word2Vec is a shallow neural network for word 
embeddings, requiring NLP and ML to extract semantic rela
tionships, while BERTLarge is a deep transformer-based model 
for automated text analysis that captures contextual mean
ings, identifies patterns, and extracts relationships to enhance 
language interpretation accuracy.

The performance of the NLP/ML models was evaluated using 
standard metrics, including sensitivity (recall) as true positives/ 
(true positivesþfalse negatives), specificity as true negatives/ 
(true negativesþfalse positives), accuracy as (true positivesþtrue 
negatives)/total samples, the area under the receiver operating 
characteristic curve (AUROCC) as plot of true positive rate ver
sus false positive rate across thresholds, and the area under the 
precision-recall curve (AUPRC) plot of precision versus recall 
across thresholds. We implemented a 5-fold nested cross- 
validation for final validation within the training and testing 
datasets. DeLong’s test was used to compare AUROCC and 
AUPRC values, while 95% confidence intervals were calculated 
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via bootstrapping to provide a robust evaluation of perform
ance differences between Word2Vec/XGBoost BERTLarge in 
characterizing attributes of the 2 PRO domains.

Results
Participant characteristics
Among study participants, the mean (SD) ages at the time of 
interviews were 14.1 ± 2.8 years, 61% were females, and 
approximately 42% were treated for noncentral nervous sys
tem solid tumors and 33% for leukemia.

Model performance: sensitivity, specificity, and accuracy
Table 1 summarizes the performance of 2 NLP/ML models 
(Word2Vec/XGBoost and BERTLarge) for characterizing 
related attributes within the 2 PRO domains. For the sensitiv
ity metric, BERTLarge outperformed Word2Vec/XGBoost in 
characterizing all 3 attributes for the psychological stress 
domain and all 3 attributes for the meaning/purpose domain. 
For the specificity metric, both methods achieved values 
greater than 0.9 across all attributes, except for the controll
ability/manageability attribute within the psychological stress 
domain (Word2Vec/XGBoost: 0.82, BERTLarge: 0.83). BER
TLarge better classified anger and controllability/manageabil
ity attributes for the psychological stress domain and the 
purpose attribute for the meaning/purpose domain. Con
versely, Word2Vec/XGBoost better classified the fear/anxiety 
attribute in the psychological stress domain and the goal ori
entation and optimism attributes in the meaning/purpose 
domain.

BERTLarge demonstrated high accuracy values across 3 
attributes, exceeding 0.7. Specifically, the values were 0.894 
(95% CI: 0.857-0.935), 0.743 (95% CI: 0.686-0.796), and 
0.848 (95% CI: 0.802-0.889) for the anger, controllability/ 
manageability, and fear/anxiety attributes in the psychologi
cal stress domain, respectively. For the meaning/purpose 
domain, the values were 0.856 (95% CI: 0.825-0.885), 0.860 
(95% CI: 0.830-0.889), and 0.836 (95% CI: 0.807-0.869) 
for the goal orientation, optimism, and purpose attributes, 
respectively.

Model performance: AUROCC
The upper section of Figure 1A and B displays the highest 
AUROCC achieved by the NLP/ML method for each of the 6 
attributes across 2 PRO domains (detailed in Table 1). In the 
psychological stress domain (left panel), the BERTLarge model 
demonstrated higher AUROCC values compared to the 
Word2Vec/XGBoost model, with 0.888 (95% CI: 0.820- 
0.963) for the anger attribute, 0.768 (95% CI: 0.707-0.817) 
for the controllability/manageability attribute, and 0.827 
(95% CI: 0.757-0.897) for the fear/anxiety attribute. Simi
larly, in the meaning/purpose domain (right panel), the BER
TLarge model demonstrated higher AUROCC values 
compared to the Word2Vec/XGBoost model, with 0.848 
(95% CI: 0.815-0.900) for the goal attribute and 0.729 
(95% CI: 0.649-0.797) for the optimism attribute. Differen
tial comparisons showed that BERTLarge significantly outper
formed Word2Vec/XGBoost in characterizing the goal 
attribute within the meaning/purpose domain (P<.05;  
Table 2).

Model performance: AUPRC
The lower section of Figure 2A and B illustrates the highest 
AUPRC achieved by the NLP/ML method for each of the 6 
attributes across 2 PRO domains (detailed in Table 1). In the 
psychological stress domain (left panel), the BERTLarge model 
demonstrated higher AUPRC values compared to the Word2
Vec/XGBoost model, with values of 0.802 (95% CI: 0.701- 
0.886) for the anger attribute, 0.696 (95% CI: 0.611-0.783) 
for the controllability/manageability attribute, and 0.723 
(95% CI: 0.638-0.848) for the fear/anxiety attribute. Simi
larly, in the meaning/purpose domain (right panel), the BER
TLarge model demonstrated higher AUPRC values compared 
to the Word2Vec/XGBoost model, with 0.645 (95% CI: 
0.553-0.735) for the goal attribute, 0.503 (95% CI: 0.370- 
0.624) for the optimism attribute, and 0.587 (95% CI: 
0.507-0.661) for the purpose attribute. Differential compari
sons showed that BERTLarge significantly outperformed 
Word2Vec/XGBoost in characterizing all attributes of 2 PRO 
domains, except for the purpose attribute in the meaning/pur
pose domain (P<.05; Table 2).

Discussion
This study employed 2 novel NLP/ML algorithms to analyze 
qualitative PRO data collected from pediatric cancer survi
vors, specifically focusing on the psychological stress and 
meaning/purpose domains and evaluated their performance 
compared to expert thematic abstraction. The findings indi
cate that the BERTLarge model outperformed Word2Vec/ 
XGBoost in both PRO domains, demonstrating higher accu
racy, AUROCC, and AUPRC characterizing 3 attributes with 
each PRO domain.

Growing evidence in adult populations indicates that indi
viduals with a weak sense of purpose/meaning in life face a 
higher risk of mortality, comparable to or even exceeding the 
risk of poor health behaviors such as insufficient physical 
activity or smoking.11,13 Studies have also consistently shown 
that greater meaning/purpose in life is associated with 
improved daily functioning, reduced risk of chronic diseases, 
and lower mortality rates.11,22,23 Although limited research 
exists on pediatric populations, studies indicate that mean
ing/purpose is linked to better academic performance, lower 
rates of substance use, and reduced delinquency.16 For child
hood cancer patients, the experience of cancer and its treat
ment is often deeply stressful, and the transition to 
survivorship can be associated with challenges to daily func
tioning, which can adversely affect their sense of meaning 
and purpose.24,25 These findings highlight the importance of 
assessing both psychological stress and meaning/purpose for 
survivorship care, as they provide complementary insights to 
traditional clinical outcomes, potentially improving follow- 
up care for survivors.

The superior performance of the NLP/ML algorithms high
lights the potential use of interview-based methods for assess
ing and interpreting qualitative PRO data on psychological 
stress and meaning/purpose in life, offering a valuable 
complement to traditional survey-based approaches for survi
vors. By effectively extracting meaningful information from 
in-depth interviews on PROs using BERTLarge with high 
accuracy, clinicians can engage in deeper, more informed dis
cussions with survivors about their psychological stress and 
sense of meaning/purpose. This enhanced understanding may 
enable the screening of patients for potential issues that could 
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be addressed through targeted interventions to improve 
survivors’ quality-of-life.26 Furthermore, the validated NLP/ 
ML algorithms can help extract psychological stress and 
meaning/purpose data directly from patients and clinical con
versations, facilitating the identification of psychological 
stress and a reduced sense of meaning/purpose, which can 
inform timely and personalized care interventions.

Our successful implementation of NLP/ML suggests that 
this approach should be tested for its ability to identify other 
PRO domains (eg, pain, fatigue, depression) from semi- 
structured interviews, as well as from electronic health 
records. This approach holds significant potential for early 
detection of adverse events and tailoring precision medicine 
strategies. The interviews in this study were conducted and 
transcribed manually. Future research could explore auto
mated transcription methods to enhance efficiency and 
reduce the cost of data collection. The application of emerg
ing technologies could further enhance the automated coding 
of qualitative PRO interviews, improving efficiency, reducing 
data collection costs, and streamlining both research and clin
ical applications. Validating NLP/ML algorithms against 
standardized PRO surveys and established clinical bench
marks is an important area for future research to improve 

their reliability and facilitate integration into routine clinical 
practice.

Several studies have demonstrated the effectiveness of 
interventions in reducing psychological stress and enhancing 
the sense of meaning/purpose in cancer populations.7,27

Childhood cancer survivors often report challenges such as 
lower academic performance, difficulties with attention or 
memory, and various physical and mental limitations,28,29

which can contribute to increased stress and a diminished 
sense of meaning/purpose in life. Our study showed that 
NLP/ML can be successfully implemented to identify these 
needs, which could potentially be used to identify concerns 
and implement multidisciplinary psychosocial interventions 
informed by these more comprehensive assessments of psy
chological stress and meaning/purpose. This may help miti
gate disruptions and improve long-term survivorship 
outcomes.

This study has several limitations. First, the sample was 
restricted to pediatric cancer survivors treated at one institu
tion. While the sample included diverse diagnoses, ages, and 
races/ethnicities,8 the generalizability of the findings to other 
populations may be limited. Second, the analysis focused on 
psychological stress and meaning/purpose domains, restricted 

Figure 1. Area under the receiver operating characteristic curves for the best models of psychological stress domain (left column) and meaning/purpose 
domain (right column) by 3 attributes. (A) ROC curve of psychological stress. (B) ROC curve of meaning/purpose. BERTLarge ¼ bidirectional encoder 
representations from transformers large model version; ROC ¼ receiver operating characteristic; XGBoost ¼ eXtreme gradient boosting.

Table 2. Differences in area under the receiver operating characteristic curve and precision-recall curve between 2 NLP/ML models for identifying the 
attributes of psychological stress and meaning/purpose domains.

Domain Attribute

AUROCC comparison between  
BERTLarge and Word2vec/XGBoost

AUPRC comparison between  
BERTLarge and Word2vec/XGBoost

Difference (95% CI) Difference (95% CI)

Psychological stress Anger 0.010 (−0.059, 0.076) 0.134 (0.003, 0.262)
Controllability/manageability 0.078 (−0.003, 0.154) 0.137 (0.041, 0.228)
Fear/anxiety 0.040 (−0.039, 0.125) 0.149 (0.003, 0.284)

Meaning/purpose Goal 0.081 (0.025, 0.133) 0.229 (0.139, 0.308)
Optimism 0.037 (−0.039, 0.118) 0.136 (0.020, 0.250)
Purpose 0.015 (−0.065, 0.039) 0.054 (−0.023, 0.163)

Abbreviations: AUPRC ¼ area under the precision-recall curve; AUROCC ¼ area under the receiver operating characteristic curve; BERTLarge ¼ bidirectional 
encoder representations from transformers large model version; CI ¼ confidence interval; ML ¼ machine learning; NLP ¼ natural language processing; 
XGBoost ¼ eXtreme gradient boosting.
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to 6 attributes. Future research may extend the application of 
the BERTLarge pipeline to other PRO domains. Third, the 
study employed a cross-sectional design, limiting the ability 
to capture temporal patterns. Validating the model using lon
gitudinal unstructured PRO data is necessary to assess its util
ity in identifying time-dependent trends.

In summary, this study demonstrated the robust validity of 
BERTLarge algorithms, which outperformed Word2Vec/ 
XGBoost in characterizing psychological stress and meaning/ 
purpose PROs for pediatric cancer survivors. Integrating 
NLP/ML approaches into qualitative PRO assessments, 
alongside other clinical data, can provide opportunities to 
enhance follow-up care and improve outcomes for pediatric 
cancer survivors.
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