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Abstract: Importance. Up to 50% of patients with localized breast cancer (BC) continue to recur after initial
treatment for more than 20 years. Recurrent cancer is not curable, and the goal of therapy is the
prolongation of life. Many variables, including adrenergic stimuli associated with anxiety and/or
depression (anxiety/depression), have been linked to recurrence. Demonstrating this effect in
predisposing circumstances could guide investigations of prevention. Objective. This study aims to
develop predictive modeling of breast cancer recurrence to identify specific circumstances in which
anxiety/depression are associated with breast cancer recurrence. Design, Setting, and Participants. We
used the SEER-Medicare dataset linked dataset to investigate women diagnosed with stage L, II, and III
breast cancer enrolled at 65 years or older for age eligibility. We collected data on the date of diagnosis,
patient-, cancer-, treatment- and adverse events-associated variables, and diagnosis of anxiety and/or
depression. We identified recurrence by a documented new diagnosis of recurrent, contralateral, or stage
IV BC, new chemo-, bio-, hormone, or radiotherapy outside the 4-month window after completion of
initial therapy. We extended four deep learning (DL)-based predictive survival models (Deep-24 Surv and
DeepHit. Nnet-survival and Cox-Time) that deal with right-censored time-to-event data and found
greater than 95% concordance in each hyperparameter to demonstrate prediction validity. We generated
96 hypothetical patient recurrence curves distributed into categories of stage I or I, White (W), or African
American (AA) without or with a diagnosis of anxiety and/or depression. Results. The patient's age, race
and comorbidities, cancer stage, and hormone status distributions mirrored previously published values.
Recurrence rates and time to recurrence were worse in patients who were in the AA group, ER-/PR-, and
higher stage. Approximately 36% of the patients had anxiety and/or depression, with higher prevalence
in W patients. Time to diagnosis ranged from 23-35 months. Recurrence rates in these patients were 27.9%
higher than in patients without these diagnoses, with greater impact in Stage I, ER+/PR+, W, and Hispanic
patients. The hypothetical patient recurrent survival curves we generated by DL-based predictive
modeling demonstrated wide ranges of predicted recurrence-free survival curves within each grouping,
with median survivals varying by more than a decade within each group. There were some long-term
survivors in many of the categories, but most patients with the anxiety/depression group had far fewer
long-term recurrence-free survival curves than patients without the diagnosis. These results demonstrate
the exceptional variability of median predicted survival rates and their modifications by chronic
adrenergic stimuli. Conclusions and Relevance. This study demonstrates, for the first time, that the
adrenergic stressors anxiety and depression increase the average population recurrence rate of dormant
breast cancer in elderly SEER-Medicare patients with stage I, II, and III disease. The predictive impact of
population-derived data is limited in individual patients. However, DL-based predictive modeling that
accounts for unique circumstance-specific scenarios is able to model individual patient predictive
recurrence and generate predicted survival probabilities and responses to psychological stressors with a
95% degree of confidence. The modeling demonstrates the exceptional variability of individual recurrence
probabilities and will enable clinical investigation of the impact of variables in specific scenarios.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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1. Introduction

Breast cancer (BC) cells begin to metastasize before primary breast tumors can be detected at the
2-3 millimeter size at the start of angiogenesis and travel to the bone marrow (BM) where they can be
found in 27-40% of newly diagnosed patients with localized disease [1,2]. Only one in 105-10¢ cancer
cells that embark on this journey survive the trip to a metastatic site. Furthermore, most of the cells that
do reach the BM are killed by active cell death signaling from the hostile microenvironment.
Nevertheless, some of these highly resilient cells with tumor-initiating characteristics do survive and
are rendered quiescent by signaling initiated by cellular, structural, and soluble components of the bone
marrow microenvironment, forming a dormancy niche [3-11]. Dormant cells are heterogeneous [12]
and survive neoadjuvant or adjuvant systemic therapy [13,14] due to inherent cancer stem cell drug
resistance [6,7] and protection endowed by the niche [15,16]. Most of our understanding of the
metastatic niche was derived from the bone marrow microenvironment because of its relative ease of
access for investigations [17]. However, breast cancer cells also metastasize to other organs, such as the
contralateral breast, skin, lungs, liver, and brain, among others, where they can become dormant [17].

Dormant micrometastases can seize opportunities to overcome suppression by a
microenvironment potentially weakened by a spectrum of insults suffered over the patient's lifetime
and reawaken [17,18]. Indeed, the presence of micrometastases is an independent prognostic
indicator for survival in breast cancer patients [1,19]. Once dormant cells reawaken, they are unable
to return to dormancy [8] and begin to generate growing metastases. These proliferating cells cause
a feed-forward effect, inducing secretory senescence in bone marrow stromal cells in a cell dose-
dependent manner [8].

Factors associated with increased risks of recurrence are advanced stage, T-stage, moderate and
poorly differentiated grades, negative hormone receptor status and gene expression profile [20-22].
Estrogen receptor (ER)-/progesterone receptor (PR)- tumors recur sooner than ER+/PR+ tumors [23].
Their recurrence rate peaks at 2-4 years, with a more than 3-fold greater hazard ratio than that of
ER+/PR+ tumors, then declines rapidly and drops below the rate of ER+/PR+ or less aggressive tumors
by 8 years [24]. Both continue to recur for more than 25 years [2,19,23-29]. African American (AA)
patients recur sooner and more frequently than White (W) patients due to aggressive cancer
molecular features [30-35], social [17,35-37], treatment [36] and adverse events differences from W
patients [38—40]. Younger patients recur sooner [41], as they have more aggressive cancer genotypes
and more frequent ER-/PR- tumors [17].

These facts suggest that mechanisms of dormancy and recurrence are fundamentally different
in cancers with differences in the aggressiveness of their genotypes [24]. This is consistent with the
concept that the microenvironment's hold on maintaining dormancy in the ER-/PR- and other
genotypically highly aggressive breast cancer cells is not as effective and enduring as that
experienced by ER+/PR+ cancers. This is perhaps partly due to the lack of growth inhibition and
dormancy induction in ER-/PR- cells by fibroblast growth factor 2 (FGF-2), a key factor in the
initiation and maintenance of dormancy of ER+/PR+ BC cells in the bone marrow [3,42]. These data
are also consistent with the fact that adjuvant systemic therapy decreases recurrence risk primarily
in the first 5 years, but the effects disappear thereafer [24].

Specific factors associated with insults to the dormancy microenvironment have been
investigated in preclinical and clinical studies. These include acute or slowly progressive estrogen
deprivation [8,43], acute and chronic anxiety, depression and adrenergic stimulation [44],
inflammation, including that associated with surgery [45-53], obesity [54] and bone marrow
adipogenesis [55], hypercoagulable states [56], including ones caused by viral infections [57-59],
toxins [60,61] and others [17]. Clinical trials have provided support for the use of anti-inflammatory
[48,49] and anti-adrenergic drugs [62-65] for preventing the recurrence of breast cancer. Although
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limited and preliminary, these investigations provide some intriguing insight into understanding
potential mechanisms for recurrence. As in any population-averaged study, broad inclusion and
exclusion criteria may mask patient and tumor variables that confound significant observations.

One of our aims in medical oncology is to identify variables that predictably induce a high
likelihood of recurrence in specific scenarios generated by cancer variables, patient characteristics,
and life events that disrupt the dormancy niche. It is exceptionally difficult to develop clinical trials
to generate this genre of data. Some studies have applied machine learning, a subfield of Artificial
Intelligence (Al), to predict BC recurrence using tabular data predictors [66-87]. Other BC recurrence
prediction studies [83,88] have applied deep learning (DL), another subfield of AI. Machine learning
requires feature engineering, and the data scientist has identified what features to include for which
model. However, DL infers the features and develops the model based on the inferred features
(covariates). Applying DL to large datasets can characterize high-risk, unique circumstances for
recurrence based on these variables and point to interventions associated with diminishing the
likelihood of recurrence in those specific scenarios.

Predicting the risk of BC recurrence with a high level of accuracy remains an open problem [89]. It is
crucial for selecting an effective individualized treatment plan and helping inform patients about their
future risks, which may guide their life decisions. Studies have shown that anxiety and depression have
adverse effects on recurrence in BC patients [90-97]. In this study, we address the critical question of the
role of anxiety and depression in the recurrence of dormant breast cancer, particularly in the elderly
population, using the SEER-Medicare dataset, which includes hundreds of thousands of BC patients
diagnosed during the period 1991-2015. It is worth noting the significant barriers elderly adults seeking
psychiatric treatment faced during this period; these include a lack of readily available mental health
services specifically tailored to their needs and referrals from primary care physicians.

To our knowledge, our study is the first to develop DL predictive modeling using longitudinal
data for more than 20 years of datasets (SEER-Medicare) with hundreds of thousands of patients and
millions of follow-up visits. The SEER-Medicare dataset is available from the National Cancer
Institute through a review process. Our DL models take into consideration surgery, radiation,
biological, and chemotherapy, which are the mainstays of treatment for breast tumors. In addition,
our DL models consider time-fixed covariates recorded at the time of diagnosis, including age, race,
marital status, breast cancer stage, tumor grade, laterality, ER, PR, and human epidermal receptor 2
(HER2) status, and comorbidity index. At each patient follow-up visit, our models consider time-
varying covariates, including administered treatments, comorbidity index, age, and induced adverse
events, including anxiety and depression. Applying DL enabled the capture of complex nonlinear
interactions among all these covariates.

2. Methods
2.1. Dataset and Patients

Our study data is the longitudinal SEER-Medicare (5-M) linked dataset [98] obtained through a
two-tiered review process under an IRB-exempt review. Medicare files capture fee-for-service claims
from hospitals, outpatient facilities, hospice care, home health agencies, prescription drug claims
(from 2007), and National Claims History records of physician/supplier bills for claims collected by
CMS and from physicians. Each file includes the unique patient ID, service date(s), diagnosis,
procedure codes, and reimbursed amount. The cohorts included all female BC beneficiaries ages 65
and older who enrolled in Medicare for age eligibility at 65 years, not disability. The cohorts had
equal months of Parts A and B coverage and no managed care coverage. Patients were diagnosed
between 1991 and 2015 with Stages I, II, III, or IV as their only primary cancer, i.e.,, no other
malignancy by NCI clinical trials definitions [98], and who also died of cancer between 1991 and 2015.
We used the S-M Ccflag file information to compute a patient's comorbidity index (CI) [99]. A
patient's Comorbidity index (CI) at a given time was the sum of the weights, based on the C3
comorbidity index [99] specific to this patient's comorbid conditions, as per the Ccflag file, at this
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time. CI at diagnosis was based on the patient's inpatient and outpatient claims during the full year
before diagnosis.

Missing Data. We include patients with valid ID, cancer type, stage, sex, and race. We include a
patient visit if it has a valid patient ID, date of diagnosis, and valid diagnosis, procedure, or HCPCS codes.

Codes and Variables. All files include dates of service and codes for specific diagnoses and
procedures using either ICD-9-CM codes or Health Care Procedure Codes (HCPCS. We included all
dates and CPT-HCPCS codes for the type of breast and lymph node surgery, of radiation, coded
dates, type, body location, and duration, and number of months of adjuvant hormone therapy after
the completion of adjuvant chemotherapy and/or biotherapy. We consolidate 141 HCPCS drug ]
codes: 82 chemotherapy drugs, 49 biotherapy drugs, and 10 hormone therapy drugs used in BC
standard-of-care therapy or investigated in clinical trials into 46 categories based on mechanisms of
action [40]. We categorized ICD-9 codes of potential AEs into 18 categories representing cancer
treatment AEs in the literature [100-104]. These are: 0) no-AEs, 1) infection/fever, 2)
neutropenia/leukopenia, 3) thrombocytopenias, 4) anemias, 5) electrolyte abnormalities, 6) liver/gall
bladder abnormalities, 7) weakness/malaise/delirium, 8) nausea /vomiting, 9) diarrhea, 10)
thrombophilia, 11) pulmonary embolus, 12) edema of any organs 13) skin rashes, 14) weight
loss/malnutrition, 15) respiratory symptoms, 16) constipation, 17) mucositis, and 18) neuropathy. We
include ICD-9 codes for anxiety (29384, 30000-30029, 3003, 3004) and depression (29013, 29021, 296.1,
296.2, 296.3), in addition to the 18 somatic treatment-associated AEs, and apply them in later life
events as risk factors for recurrence [105]. Treatments and AEs. We recorded adjuvant treatment
covariates from the time of diagnosis until completion of adjuvant therapy, up to 18-months, to
ensure the inclusion of patients receiving Trastuzumab for a year after adjuvant chemotherapy.
Covariates include treatment (drug HCPC code) and dates of administration.

2.2. Recurrence

Since the SEER-Medicare data do not explicitly capture recurrence, we inferred the occurrence
of recurrence when a new diagnosis of contralateral BC, stage IV BC, new chemo-, bio-, hormone, or
radiotherapy outside the 4-month window after completion of adjuvant therapy is recorded. We
determined the Time to recurrence, which begins 4 months after completion of adjuvant therapy, to
factor in the start of antiestrogens until a recurrence event date. Table 1 shows the details and pseudo-
codes of our algorithm to infer recurrence in BC patients.

Table 1. Algorithm 1: Patient's Recurrence.

ALGORITHM 1: ALGORITHM TO INFER PATIENT'S RECURRENCE

Input: Window_after_completion_of adjuvant_therapy=4 Month
2nd_Mal_Neop_BC_dx=19881
SRGH"8511","8512","850","8519","8520","8521","8522","8523","8525","8591","860d1", "8533","8534",
"8535","8536","4022","4023","4029","403","4050","4051","8541","8542","8543","8544","8545","8546","8547 ","8548]
PR=["9221","9222","9223","9224","9225","9226","9227","9228","9229",79230",79231","9232","9233","9239","9241"]
TR=["G9829","1","2","3","4","5","6",”7","8","9","10","11","12","13","14","15","16","17","18","19","20", 217,722,
"23",724","25","26","27","28","29","30","31","32","33","34","35","36",”37","38","39","40","41","42","43","44","45","46"]
Output: For Each Patient:
Infer her/his Rec_flag and the corresponding Rec_Date
1 Initialization: New_Chem_Hor_Bio_Rad_List=[], Mal_Neop_List=[], New_Contralat_List=[],
2 No_Rec_Date€ “2050-01-01"
3 For Each Patient

4 Rec_flag €0,
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5 Rec_Date € No_Rec_Date
6 Identify: Date_1st_Chem, Date_1st Hor, Date_1st Bio, Date_1st Rad, Date_1st_Sur, Date_1st_Course_Tr
7 Date_Init_Adj_Therapy €Max{Date_1st_Chem, Date_lst Hor, Date_Ist Bio, Date_lst Rad, Date_Ist Sur,
8 Date_1st_Course_Tr }
9 Order visits in ascending order of Visit_Date
10
11 For Each Visit
12 For Each Entry within this Visit
13 If ((Visit_Date-Date_Init_Adj_Therapy) >=4mon) And
14 (Sur OR Bio OR Hor OR Rad)
15 Rec_flag €1
16 Rec_Date € VisitDate
17 Break
18 If (Rec_flag=1)
19 Append this Patient to New_Chem_Hor_Bio_Rad_List
20 Rec_flag €0,
21 Rec_Date € No_Rec_Date
22 For Each Visit
23 For Each Entry within this Visit
24 If (dx_code=2nd_Mal_Neop_BC_dx)
25 Rec_flag €1
26 If ((Rec_flag =1 & (Visit_Date < Rec_Date) )
27 Rec_Date € Visit_Date
28 If (Rec_flag=1)
29 Append this Patient to Mal_Neop_List
30 Rec_flag €0,
31 Rec_Date € No_Rec_Date
32 For Each of the Ten Recorded Diagnoses
33 If Diagnosis =1
34 Prev_Laterality=Current_Laterality
35 Rec_flag €0
36 Date_of Prev_diagnosis € No_Rec_Date
37 If (((Current_Laterality).isin(2,4,5,9)) & (Prev_Laterality)=1)) OR
38 ((Current_Laterality).isin(1,4,5,9)) & (Prev_Laterality)=2)) )
39 Rec_flagl €1
40 If (Date_of this_Diagnosis < Date_of Prev_Diagnosis)
a1 Rec_Date € Date_of_this_Diagnosis
12 Date_of_Prev_Diagnosis € Date_of_this_Diagnosis
43 If (Rec_flag=1)
4 Append this Patient to New_Contralat_List
45 Rec_flag €0,

46 Rec_Date € No_Rec_Date
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47  If (patient isin New_Chem_Hor_Bio_Rad_List OR isin Mal_Neop_List OR isin New_Contralat_List))
48 Rec_flag €0,
49 Rec_Date < Min{Patient’s Rec_Date in New_Chem_Hor_Bio_Rad_List, Patient’s Rec_Date in Mal_Neop_List,
50 Patient’s Rec_Date in New_Contralat_List}

2.3. Deep Learning Predictive Modeling

Discrete Time-to-Event Data

In our dataset, as in real life, patient follow-up visits occur on a given day with irregular gaps
between two consecutive visits. By applying the recurrence algorithm (Table 1), a patient's recurrence
status is determined at each visit while the patient is at risk, i.e., has not yet experienced recurrence.
Our study has start and end dates; thus, it is right-censored, i.e., some patients are not followed to
their recurrence time, resulting in censored time (either the time a patient is lost to follow-up, i.e.,
time of last visit the patient was seen alive or the study end date). Thus, instead of observing the
recurrence at time, T*, we observe a possibly right-censored event time, T = min{T”, C*}, where C*is
the censoring time.

Our dataset, D can be viewed as a set of N patients' history, D = {x;,s;,k;}, fori=1,2,..,N,
where x; is the it" patient covariates, s;, is either this patient's recurrence or censoring time, and
k; is the recurrence (k; = 1) or censoring (k; = 0) occurred at time, s;. This discrete-time framework
is used to predict the likelihood of recurrence at each visit. Let T* be the time to recurrence since
diagnosis and T = min{T*,C*} and x is a covariate vector. We are predicting the probability of a
patient experiencing recurrence by time t, which is given by P(T < t|x). An alternative to this
probability is the survival function, S(t) = P(T > t|x). Similar to survival analysis, we express the
recurrence models in terms of the hazard rate, h(t|x) = P(T* = t|x).

NCH data
723,771 Patients
380,399,785 Records

Divide the data into™.
Training, Validation,
and Testing A

Trained, Validated & Tested Model
@ @ O

CCflag data
753,505 Patients
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Figure 1. Predictive modeling or recurrence algorithm.
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Cancer Patient Recurrence and the Cancer Patient Survival. We build on our work [106,107] by
mapping the cancer patient recurrence prediction modeling to the cancer survival prediction
modeling. Thus, the time-to-event models are applied by considering the recurrence of a BC patient
as the event of interest rather than the patient's survival, as in [106,107].

Experiments

We applied the four predictive models discussed in our prior publications [106,107] when using
the patients' time-fixed and time-varying covariates that summarize the patient's history from
previous visits.

Performance Metrics. We used the concordance index (C-index) for discriminative evaluation
in our recurrence analysis and measured the model's performance using the integrated Brier score
(IBS) as a metric of the discrimination and calibration of the model's estimates, as before [106,107].

Model hyperparameters. We applied Amazon SageMaker Python SDK (software development
kit), an open-source library, to fine-tune the model by identifying optimal values of the network's
hyperparameters [106,107].-

The experiments were conducted using five-fold cross-validation using a Bayesian optimization
search scheme [108].

Validation. In [106,107] we demonstrated the validation of our implementation of the pycox
package [109] using the real-world dataset METABRIC [110] and SUPPORT [111].-

To validate our recurrence results, we used the real-world dataset, the Wisconsin Prognosis
Breast Cancer (WPBC) dataset [WPBC], obtained from the University of Wisconsin Hospitals and can
be found in the UCI Machine Learning Repository [112]. The dataset, which many BC researchers
have used [113], consists of 30 features of 196 patients (47 recurrent and 151 non-recurrent). Several
studies have shown 93.2% accuracy when using this dataset [113]. This result is aligned with our
average and standard deviation of the time-dependent concordance, 0.949 (0.025) when applying
five-fold cross-validation.

Features of the WPBC dataset:

Radius of the tumor (im); Texture of the tumor; Perimeter of the tumor (im); Area of the tumor
(im2); Smoothness of the tumor; Compactness of the tumor; Concavity; Number of concave points;
Symmetry; Fractal dimension; S.E. Radius of the tumor (im); S.E. Texture of the tumor; S.E. Perimeter
of the tumor (im); S.E. Area of the tumor (im2); S.E. Smoothness of the tumor; S.E. Compactness of
the tumor; S.E. Concavity; S.E. Number of concave points; S.E. Symmetry; S.E. Fractal dimension;
M.T.L.V. Radius of the tumor (im); M.T.L.V. Texture of the tumor; M.T.L.V. Perimeter of the tumor
(im); M.T.L.V. Area of the tumor (im2); M.T.L.V. Smoothness of the tumor; M.T.L.V. Compactness of
the tumor; M.T.L.V. Concavity; M.T.L.V. Number of concave points; M.T.L.V. Symmetry; M.T.L.V.
Fractal dimension.

Note, S.E. = Standard Error and M.T.L.V. = Mean of Three Largest Value

3. Results

3.1. Patient Characteristics

The characteristics of all patients in the dataset are outlined in Table 2. and compared to the
subset of patients who have registered diagnoses of anxiety and/or depression (anxiety/depression).
The patients in the dataset have breast cancers that are approximately 65% ER+/PR+, 3.5% ER-PR-,
and 12% ER+/PR-. There are no patients with ER-/PR+ cancers. Approximately 56% of patients have
stage I disease, 32% have stage II disease, and 12% have stage III disease. Approximately 88% of
patients are W, 7% are AA, and 5% are of other races. About 5% of patients are of Hispanic ethnicity.
All of the patients range in age from 73 to 75 years. These are consistent with published data reflecting
the S-M population [39].

The comorbidity index of the patients in the dataset at diagnosis was less than 1.0 for all patients
in every group. Approximately 36% of all patients were flagged with diagnostic codes for
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anxiety/depression. The hormone receptor status and stage distributions were not different in the
patients with diagnosis of anxiety/depression compared to the general population. W patients were
significantly more frequent in the anxiety/depression subpopulation than in the general population,
while AA and other race group patients were fewer. The Time from diagnosis to flags for
anxiety/depression varied between approximately 23 months to 35 months, with the shortest times
noted in stage IIl and AA patients.

We compared characteristics between non-recurrent and recurrent patients in Table 3. The ages
of all subgroups were similar and did not vary between the groups. Comorbidity indices at diagnosis
were less than 1.0 in both categories in all subgroups. Approximately 15% of patients were flagged
as recurrent, according to our algorithm. Recurrence was substantially higher in ER-PR- patients than
in ER+PR+ patients and ER+/PR- patients. ER+/PR- patients recurred at a higher rate than ER+/PR+
patients. Recurrence rates increased substantially with progressive stage, were slightly higher in AA
patients than in W patients and less in patients of other races. Recurrence was less in Hispanic
patients than in the general population. The Time from diagnosis to recurrence varied from
approximately 26 to 46 months, with the short durations noted for ER-/PR-, stage IIl and AA patients.
The comorbidity index at recurrence was consistently higher than recorded at diagnosis in all
subgroups.

We analyzed the differences between recurrence in patients without and with
anxiety/depression in Table 4. Patients with anxiety/depression recured at a rate that was 27.9%
higher than patients without anxiety/depression flagged in their records and had higher comorbidity
indices at recurrence. Patients with ER+/PR+ BC were impacted more by anxiety/depression than
patients with ER-PR- BC. Anxiety/depression are associated with higher recurrence in Stage I BC than
in Stage II or III BC. Anxiety/depression are associated with higher recurrence, specifically in W
patients than in AA or other races. Anxiety/depression are associated with higher recurrence in
Hispanic patients.

We note that the Time from diagnosis to recurrence is greater in patients with anxiety/depression
than in patients without anxiety/depression. The effect is not seen in stage Il and AA patients, where
anxiety/and depression have minimal impact on recurrence. The delayed onset of higher rates of
recurrence follows the onset of anxiety/depression by several months, consistent with a causal effect
of the higher rates by the onset of these symptoms, followed by a wave of recurrence that delays the
average of the population, compared to patients without anxiety/depression.


https://doi.org/10.20944/preprints202504.0235.v1

Table 2. Patient characteristics — all patients and patient subgroup with anxiety/depression.

9 of 24

All patients All patients with anxiety/depression
o Comorbidity at Dx o . Comorbidity at Dx Mos, Dx-Dep/anx
Number (%) Age +5D +SD Number (%) p (chi sq) Age +5D +SD Avg+ SD
.3% of
Total Patients 239,288 (100) 752+72 0.6+15 86,745 (1(331))(36 3%o0 754+7.0 0.7+1.7 314 +48.0
ER+/PR+ 154,730 (64.7) 751+71 0.7+1.5 55,681 (64.2) 75.3+7.0 08+1.7 29.9 +46.6
ER+/PR- 29,278 (12.2) 75.6+7.3 0.6+1.5 10,775 (12.4) n.s 75.7+71 07+1.6 31.8+47.6
ER-/PR- 32,400 (13.5) 74.8+7.2 0.6+1.5 11,505 (13.3) 75.0+7.1 0.7+1.7 28.3 +46.3
Stage I 134,598 (56.2) 74.7 + 6.8 06+14 49,628 (57.2) 75.0+6.7 07+1.6 34.5+50.2
Stage 11 76,928 (32.1) 75.8+7.6 0.7+1.6 28,098 (32.4) n.s. 76.0+7.4 0.8+1.8 28.8 +46.0
Stage II1 27,762 (11.6) 76.0+7.7 0.6+1.6 9,019 (10.4) 76.1+7.5 0.8+1.7 22.8+39.8
Race-W 210,108 (87.8) 75.3+7.2 0.6+15 79,239 (91.3) 0 75.5+7.0 0.7+1.6 31.7 +48.2
Race-AA 16,887 (7.1) 74.8+7.2 0.8+1.7 4,781 (5.5) p= 753472 1.0+2.0 27.4+444
Race-Other 12,293 (5.1) 73.7+6.7 0.7+1.5 2,725 (3.1) 742 + 6.6 09+1.8 31.3+483
Hispanic 12,603 (5.3) 4,486 (5.2) p=0
n.s. —not significant at p=0.05.
Table 3. Non-recurrent and recurrent patients.
Non-recurrent patients Recurrent patients
Number (%) Age + 5D Comorb. at | Number (%) p(chisq.) | Age + |Comorb. at | Mos, Dx- | Comorb. at
Dx +SD SD Dx +SD Recr + SD recur. + SD
Total Patients | 202,339 (100) (84.6% 752+72 0.6+1.5 36,949 (100) (15.4% 74.6 + 05+14 37.5+44.6 29+35
of all) of all) 6.9
ER+/PR+ 133,560 (66.0) 752472 0.7+1.6 21,170 (57.3) p=0 74.5 + 06+1.4 39.7 +45.6 32435
6.8
ER+/PR- 24,280 (12.0) 75.7+7.3 0.6+15 4,998 (13.5) 75.0 + 05+14 36.2 +41.5 3.0+35
7.0
ER-/PR- 25,762 (12.7) 749+7.3 06+15 6,638 (18.0) 74.2 + 05+1.3 28.6 +37.6 26+3.3
6.8
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Stage I 120,231 (59.4) 74.7 + 6.8 0.6+14 14,367 (38.9) p=0 74.4 + 05+1.4 46.0 +50.3 33+3.6
6.6
Stage 11 63,363 (31.3) 76.0+7.6 07+1.6 13,565 (36.7) 74.6 + 05+14 36.1+42.9 29+35
7.0
Stage 111 18,745 (9.3) 76.6+7.9 06+15 9,017 (24.4) 74.7 + 05+1.3 26.2+33.6 23+33
7.1
Race-W 177,554 (87.8) 754+73 0.6+1.5 32,554 (88.1) p=0 74.7 + 05+1.3 38.4+45.3 29+35
6.9
Race-AA 14,189 (7.0) 749 +7.3 09+1.8 2,698 (7.3) 739+ 05+1.4 28.6 +35.8 29+3.6
6.9
Race-Other 10,596 (5.2) 73.8+6.7 0.0+0.3 1,697 (4.6) 73.1+ 0.6+14 35.3+43.0 31+34
6.5
Hispanic 10,789 (5.3) 1,814 (4.9) p=0
Table 4. Recurrent patients - Impact of anxiety/depression on recurrence.
Recurrent patients without anxiety/depression Recurrent patients with anxiety/depression
Number (%) Age+SD | Mos, Dx- | Comorb. at | Number (%) p (chi | Age + | Mos, Dx- | Comorb.at Mos, Dx-
Recr + (SD) recur. + SD sq.) SD Recr + (SD) recur. + SD Dep /Anx
p (t-test) p (t-test) +SD
Tot. Pts. 21,412 (100) 14.0% | 74.5+7.0 36.3+43.6 24+31 15,537 (100) p=0 74.6 + 39.3 +46.0 3.6+3.8 | 329+488
of pts. without 17.9% of pts 6.7 p=0 p=0
anx/dep with anx/dep
ER+/PR+ 12,101 (56.5) | 74.5+7.0 38.6 +44.8 27432 9,069 (58.4) p=0 746 + 41.1+46.6 39439 | 32.7+48.0
6.7 p=0 p=0
ER+/PR- 2,875(134) | 751+71 349 +40.1 25+31 2,123 (13.7) 74.9 + 38.0 +43.2 3.7+38 | 324+482
7.0 p=0.009 p=
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ER-/PR- 3,976 (18.6) | 74.0+6.9 27.9+37.2 20+29 2,662 (17.1) 744+ 29.8+38.3 33+3.7 | 25.6+42.6
6.8 p=0.044 p=0

Stage I 7,900 (36.9) | 74.4+6.7 44.6+494 2.8+3.2 6,467 (41.6) p=0 74.4 + 47.8 +51.3 39.+439 | 38.0+53.1
6.5 p=0 p=0

Stage 11 7,737 (36.1) | 74.6+7.1 36.0+42.5 24+3.1 5,828 (37.5) 74.7 + 36.2+43.3 3.6+38 | 32.0+48.8
6.9 n.s. p=0

Stage 111 5775(27.0) | 746+72 25.3+32.8 1.8+2.8 3,242 (20.9) 74.9 + 27.7 +34.9 32+37 | 243+38.8
7.0 p=0.001 p=0

Race-W 18,399 (85.9) | 74.7+7.0 37.3+444 24+31 14,155 (91.1) p=0 74.7 + 399 +46.4 3.6+3.8 | 329+488
6.8 p=0 p=0

Race-AA 1,799 (84) | 73.8+7.0 27.8+35.6 24+32 899 (5.8) 742+ 30.2+36.1 39440 | 30.6+46.5
6.7 n.s. p=0

Race-Oth 1,214 (5.7) | 73.0+6.5 34.0+414 28+3.2 583 (3.1) 735+ 38.4 +46.8 3.8+3.8 | 359+519
6.4 p=0.044 p=0

Hispanic 957 (4.5) 857 (5.5) p=0

n.s.= not significant.

9
@
E
=
=
@
g
Q
=
=
=
E
@
©
-
9
g
=
Z
o
_'
U
m
m
o
2y
m
<
=
m
O
je)
o
@
)
=
N
>
E
N
o
N
(&

TA'GECO'Y0Gc0csuLIdal



https://doi.org/10.20944/preprints202504.0235.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 2 April 2025 d0i:10.20944/preprints202504.0235.v1

12 of 24

3.2. Predictive Modeling of Recurrence-Free Survival

Our population-based analyses demonstrate significant associations of adrenergic stimuli of
anxiety/depression in patients with localized breast cancer. The effect was evident in most broad
categories defined by cancer hormone receptor status, cancer stage, patient race, and ethnicity. The
effects were more prominent in some categories than others, as noted above. However, the
differences are averaged and have significant variability. The broad variability in these rates, as with
all previously investigated recurrence hazards, is due to multiple other variables associated with the
unique scenarios endowed by the combined effects of each patient, cancer, and treatment history. To
improve the predictive model and address this challenge, we applied DL predictive modeling in
individual circumstances.

The results in Table 5 demonstrate, for both categories of ER+/PR+ and ER-/PR- in stages I, II,
and 1III, a high prediction accuracy, as shown by the high values of the time-dependent Concordance
indices and high-level models' discrimination and calibration as demonstrated by the low values of
the integrated Brier Scores.

Table 5. Concordance indices.

Model ER+/PR+ ER-PR-

Time-dependent Integrated Brier Time-dependent Integrated Brier
Concordance (C- Score (IBS) Avg. + Concordance (C- Score (IBS) Avg. +
Index) Avg. + SD SD Index) Avg. + SD SD

Stage I

CoxTime 0.989 + 0.001 0.031 + 0.007 0.983 +0.001 0.028 +0.007

DeepHit 0.983 +0.001 0.036 + 0.003 0.972 +0.004 0.018 +0.004

DeepSurv 0.987 +0.001 0.027 +0.001 0.984 +0.001 0.024 +0.001

Nnet-Survival 0.982 +0.001 0.026 +0.001 0.969 +0.001 0.055 +0.002

(Logistic Hazard)

Stage I1

CoxTime 0.981 + 0.001 0.056 + 0.022 0.972 + 0.001 0.055 +0.018

DeepHit 0.981 + 0.001 0.009 + 0.001 0.970 + 0.001 0.021 + 0.002

DeepSurv 0.970 + 0.001 0.052 + 0.002 0.967 + 0.006 0.035 + 0.006

Nnet-Survival 0.982 +0.001 0.026 + 0.001 0.966 +0.001 0.045 + 0.003

(Logistic Hazard)

Stage 111

CoxTime 0.968 +0.001 0.024 +0.009 0.955 +0.002 0.028 +0.025

DeepHit 0.948 +0.002 0.012 +0.001 0.945 +0.001 0.091 +0.002

DeepSurv 0.972 +0.002 0.019 +0.001 0.961 +0.001 0.021 +0.001

Nnet-Survival 0.965 +0.002 0.039 +0.002 0.928 +0.003 0.030 +0.002

(Logistic Hazard)

We generated randomly selected hypothetical patient predictive survival curves to illustrate the
impact of anxiety/depression in individual circumstances (Figure 2). We generated these curves in
patient groupings with the highest effects on recurrence, which were associated with the interaction
of stage, race, anxiety, depression, and analogous comparison groups. The categories we analyzed
were W/ER+/PR+ patients in stages I and III and AA/ER-PR- patients in stages I and IIl. Our DUA
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with the NCI SEER-Medicare does not allow us to include specific patient-identifying information.
Hence, we identify these results as hypothetical patient recurrence-free survival curves.

W/ER+/PR+ PATIENTS AA/ER-/PR- PATIENTS

NO ANXIETY/DEPRESSION

Rec-Freeit | x}
Rec-Freelt | x)

o 50 100 150 200 250 300 0 50 100 150 200 250 300
Time (manths) Time (months)

3
>

ANXIETY/DEPRESSION

Rec-Freelt | x)

il
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02 02
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Figure 2. Hypothetical patient predicted recurrence-free survival curves for 12 random scenarios from Stage I
W/ER+PR+ or AA/ER-PR- categories and Stage III W/ER+PR+ or AA/ER-PR- categories withour or with
anxiety/depression. No patient details are provided; our DUA with the NCI SEER-Medicare does not allow us
to include specific patient identifying information.

The first immediately apparent fact is the vastly wide temporal distributions of hypothetical
patient-predicted recurrence-free survival curves. The median recurrence-free survival in the 12
curves in the stage I/W/ER+PR+ patient group with no anxiety/depression ranged from 25 months to
260 months. In the group with anxiety/depression, this range was 20 months to 170 months. While
these examples were randomly selected from each of the broad race, stage and hormone receptor
categories, the individual prediction curves were generated by considering the contribution of many
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additional patient-, cancer- and treatment-specific variables. They demonstrate that the
anxiety/depression groups had far fewer long-term recurrence-free survival curves.

The median survival in stage I/AA/ER-/PR- with no anxiety/depression curves ranged from 20
months to 235 months. In the same group with anxiety/depression, the median recurrence ranged
from 25 months to 260 months. The group was peppered with some very long-term recurrence-free
hypothetical predicted survival curves in both no anxiety/depression groupings. There were more
random short recurrence-free survival curves in the anxiety/depression group, though.

The median survival in the stage III/W/ER+/PR+ with no anxiety/depression curves ranged from
20 months to 185 months, with all but one of the disease-fee predicted survival curves having a
median of 100 months or less. The median survival in the stage III/W/ER+/PR+ with
anxiety/depression curves ranged from less than 10 months 170 months, with more than half the
curves having a median of 75 months.

The median survival in the random hypothetical curves from stage III/AA/ER-/PR- category
with either without or with anxiety/depression ranged from 0 months to 1.3 months.

These results demonstrate the exceptional variability of median predicted survival rates and
their modifications by chronic adrenergic stimuli of anxiety/depression within established, well-
studied population-averaged predictive categories. It helps explain the wide confidence intervals in
existing population-based prognostic curves and the need to approach predictive modeling using
circumstance-specific scenarios.

4, Discussion

Thousands of studies on variables that can induce, sustain and disrupt dormancy have
generated a great deal of data on factors that may contribute to the reawakening of dormant
micrometastases. Most of the data are preclinical, but there have been some clinical trials that
provided early insight into the role of adrenergic stimuli in the recurrence of breast cancer. [62-65].
The clinical data is limited and does not provide detail on the patient and cancer variables and their
interaction that impacts recurrence.

Our investigations on the S-M population of elderly patients confirmed our previously
characterized patient age and racial distributions and the distribution of cancers by hormone receptor
status [39]. The comorbidity index of all patients and the subgroups we analyzed was less than 1.0 at
the time of diagnosis, reflecting a relatively healthy population of patients diagnosed with localized
breast cancer. Since anxiety/depression have been associated with the reawakening of dormant breast
cancer, we analyzed the variables associated with it in our patient datasets.

Anxiety, depression, and fear of cancer recurrence are well-documented symptoms in breast
cancer patients [114]. In our population, approximately 36% of the patients were diagnosed with
anxiety/depression. We found these symptoms more frequently documented in W patients.
However, they tended to occur sooner from the time of diagnosis in AA patients than W patients and
in patients with stage III disease compared with patients with stage I disease. During the period of
1991-2015 covering the period of the S-M dataset patients in our analysis, elderly adults seeking
treatment from psychiatrists faced significant barriers, including a lack of readily available mental
health services specifically tailored to their needs, referrals from primary care physicians, and an
overreliance on inpatient treatment options, often leading to underdiagnosis and inadequate
treatment for mental health issues like anxiety and depression [115]. Our results will provide data for
the development of support for such services in the prevention of the recurrence of dormant breast
cancer with greater opportunities to provide more comprehensive and personalized care for older
patients battling cancer and survivors through tailored interventions [114]. A limitation of using
administrative claims data from the S-M to identify patients with depression is the low sensitivity
and positive predictive values, under 50%, due to substantial discrepancy between the presence and
timing of depression diagnoses in medical claims and inpatient charts [116] and racial differences in
reporting claims for depression [117]. Nevertheless, the specificity and negative predictive values are
consistently higher than 70% [116,117].
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As noted earlier, to overcome the limitation that the S-M data do not explicitly capture
recurrence, we inferred a recurrence event when a new diagnosis of contralateral BC, stage IV BC,
new chemo-, bio-, hormone, or radiotherapy was recorded outside the 4-month window after
completion of adjuvant therapy. This approach still has the limitation that elderly patients diagnosed
with recurrent disease often decline diagnostic surgical procedures or systemic therapy, and thus,
their recurrence is underdiagnosed [118,119]. Our algorithm identified approximately 15% of the
patients in the dataset as recurring during the period of observation. The ages of recurrent and non-
recurrent patients were similar, and the higher incidence of recurrence in ER-/PR- tumors,
progressive stage, and AA patients mirrored that of published data. However, our data showed a
lower rate of recurrence in Hispanic patients. Despite the limitations, the data mirrored well-
documented shorter time to recurrence in ER-PR-, stage III, and AA patients.

Even within the sensitivity limitations of the S-M dataset, our data demonstrate, for the first
time, that patients with anxiety/depression recur at an average of 27.9% greater rate than patients
without these symptoms. Patients with these symptoms also have significantly higher comorbidity
indices at recurrence than patients without psychological stress symptoms. The impact of the
symptoms is highest in ER+/PR+ BC, stage I, in W, and Hispanic patients. The average time from
diagnosis of BC to recurrence is greater, though, in patients with anxiety/depression and follows the
onset of these psychiatric symptoms by a few months, suggesting a causal effect. As the hazard ratio
for recurrence decreases gradually with years after diagnosis [24], the impact of adrenergic signaling
of chronic psychologic stress modifies the subsequent hazard ratio and results in a delayed wave or
recurrence that increases the overall rate of recurrence and the population's average time to
recurrence after diagnosis

However, when analyzing individual hypothetical patient predictive recurrence-free survival
curves, the extreme shortcoming of predictive modeling of averaged populations allocated to a few
prognostic groups becomes starkly evident. Median individual survival within a population category
can vary by more than a decade. The impact of psychological stress-induced recurrence also varies
widely and without explanations available from the few variables of race, stage, and hormone
receptor status. There are indeed many variables available from patients and even large databases,
but slicing and dicing the population to obtain population-averaged differences with the shrinking n
value available for statistical comparisons would suffer from statistical significance. Constructing
clinical trials with an unmanageable number of variables would also be untenable due to a variety of
limitations. Hence, predictive modeling of individual scenario survival curves provides a unique
opportunity to investigate individual variables that can be used to further generate specific
hypotheses on the role of relevant variables on the recurrence of dormancy. The exceptionally high
concordance indices and their high confidence demonstrate that this approach will be a useful tool
when adapted to patient care and designing potential clinical investigations and treatment
interventions. Future investigations will expand to additional databases with additional age and
insurance parameters profiles to confirm and enhance the predictive modeling to apply more closely
to the general population.

5. Conclusions

This study demonstrates, for the first time, that anxiety/depression, psychological stressors that
induce chronic adrenergic stimulation, increase the population-averaged rate of recurrence of
dormant breast cancer in elderly SEER-Medicare patients with stage I, II, and III localized disease.
The impact of these psychological stressors is observed in patient groups with different races, cancers
with different hormone receptor status, and different stages. The predictive impact on the recurrence
of individual patients is limited due to the effects of averaging multiple covariates that impact
recurrence in individuals over population-derived data. To address this challenge, we developed
recurrence predictive models that account for patient, cancer, treatment, adverse events, and time-
dependent variables, which, when combined, generate a unique, circumstance-specific scenario. The
concordance index of the predictive modeling was greater than 95%, with high degrees of confidence.
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We generated hypothetical patients predicted recurrence-free survival curves and demonstrated that
within each race and stage category, the median predicted survival varied by up to more than a
decade in individual patients, both in groups without and with anxiety/depression. The data
demonstrate that individual patient predictive modeling based on individual unique circumstances
can generate predicted survival probabilities and responses to psychological stressors. This approach
will enable the investigation of the specific impact of variables in specific scenarios that can generate
hypotheses to be tested in directed clinical investigations and therapy.
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