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Abstract: Background: Patients with osteosarcoma remain at high risk of recurrence after surgery despite multi-
modal treatment, and previously developed prediction models have rarely considered the time-varying effects of
prognostic factors. Methods: We retrospectively analyzed 498 patients with osteosarcoma who received standard
treatment at two centres between 2010 and 2019, including a training cohort (n = 341) and an external validation
cohort (n = 157). The proportional hazards assumption was assessed using Schoenfeld residuals. For variables with
time-dependent effects, piecewise Cox regression models were used. A dynamic prediction model was developed
and evaluated using the concordance index, time-dependent receiver operating characteristic curves, calibration
curves, and decision curve analysis. Results: During a median follow-up of 52.0 months, 202 patients (40.6%)
developed postoperative recurrence, with most recurrences occurring within 12.0 months after surgery. Multivari-
able analysis showed that axial location, tumor diameter > 10 cm, Huvos grade I-ll, positive surgical margins, and
incomplete adjuvant chemotherapy were independent risk factors. Time-dependent analyses showed that the ef-
fects of these covariates were strongest during 12.0-24.0 months postoperatively and then declined, becoming
non-significant beyond 36.0 months in most cases. The one-, three-, and five-year area under the curve values were
0.805, 0.734, and 0.923 in the training cohort and 0.860, 0.775, and 0.890 in the validation cohort, respectively.
Risk scores stratified patients into low-, intermediate-, and high-risk groups, with significantly different recurrence-
free survival (P < 0.0001). Conclusion: This dynamic prediction model showed good discriminatory ability and gen-
eralizability and may support risk-adapted surveillance, especially within 12-24 months after surgery.

Keywords: Osteosarcoma, recurrence, prediction model, time-dependent effect, risk stratification, external valida-
tion

Introduction and continuous refinements to chemotherapy
regimens over three decades, long-term surviv-
al benefits appear to have plateaued for osteo-
sarcoma patients and are harder to achieve [4].
For patients with metastasis at diagnosis or
with postoperative recurrence, survival is poor,
and there is considerable scope for improve-

ment in current management and surveillance.

Osteosarcoma is the most prevalent form of
bone cancer that develops in children. Despite
its rarity in the general population, this cancer’s
aggressive behavior and tendency to metasta-
size early make it a major public health threat
to young people’s lives [1]. The regular treat-
ment at the moment is neoadjuvant chemo-

therapy, wide surgical resection, and postoper- Postoperative recurrence of the disease and

ative adjuvant chemotherapy. This course of
action has significantly improved patient out-
comes. The latest Global Cancer Observatory
cancer statistics show that the 5-year survival
for non-metastatic osteosarcoma has reached
60%-70% [3]. Nonetheless, despite significant
advances in surgical reconstruction techniques

death from it are the commonest causes of
treatment failure in osteosarcoma patients and
a key pain point in clinical management. About
30%-40% of patients with localized osteosar-
coma develop either local recurrence or distant
metastasis, most often to the lungs, after re-
ceiving standard treatment [5]. When the same
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cancer reappears, outcomes become worse;
survival after further disease at 5 years is less
than 20-30% [6]. When analyzing the timing of
recurrences, it has been shown that the recur-
rence risk for osteosarcoma is not uniformly
distributed over time. In fact, a marked tempo-
ral clustering occurs whereby the vast majority
of events take place within 2-3 years postoper-
atively [7]. Failure to apply intensive monitoring
during the “time window” of maximum recur-
rence risk means that the best opportunity for
surgical resection of isolated lesions may be
missed. On the contrary, over-monitoring during
low-risk periods increases patients’ radiation
dose and costs.

A number of earlier studies have sought biologi-
cal and clinicopathological markers associated
with the prognosis of osteosarcoma to achieve
early warning of recurrence risk. According to
the National Comprehensive Cancer Network
guidelines and European Society for Medical
Oncology guidelines, risk factors considered
include a large tumor volume, axial skeleton
location, advanced Enneking stage, poor Huvos
histological response (chemotherapy necrosis
rate < 90%), and positive surgical margins [2,
8]. Moreover, some genetic mutations, such as
TP53 and RB1, have been proven to be associ-
ated with poor prognosis due to improvements
in genomics [9]. However, conclusions from
existing research are contradictory. The predic-
tive value of some risk factors, such as age
and pathological subtype, remains controver-
sial across cohorts. More importantly, current
clinical follow-up strategies largely follow a
“one-size-fits-all” fixed pattern, such as surveil-
lance every 3 months for the first 2 years post-
operatively. Protocols of this sort overlook indi-
vidual patient risk heterogeneity and cannot
address the challenges of precision medicine
[2].

Almost all published prognostic prediction mo-
dels in osteosarcoma are based on traditional
Cox proportional hazards (PH) regression from
a statistical methodology viewpoint. According
to a key assumption of this model, the hazard
ratio (HR) of covariates remains constant thr-
oughout follow-up [10]. Nevertheless, the bio-
logical behavior of tumors evolves dynamically.
According to clinical practice and recent stud-
ies, certain risk factors have “time-dependent
effects”. For instance, patients with poor che-
motherapy response or positive surgical mar-
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gins have an extremely high risk of recurrence
in the early postoperative period. However, if
patients survive beyond 3 years postoperative-
ly, the effect of these factors on late recurrence
may significantly diminish or even disappear
[11]. When time-dependent features are igno-
red while Cox models are applied, this not only
violates statistical assumptions but also mis-
judges recurrence risk at a given time point,
which decreases model accuracy and clinical
usefulness [12]. Presently, there is a dearth of
systematic studies on the time-dependent evo-
lution of recurrence risk in osteosarcoma. Such
models rarely undergo rigorous independent
external validation, which limits their level of
evidence and generalizability [13].

In light of this backdrop, this study aims to fill
this gap by assessing the time-dependent na-
ture of risk factors for postoperative osteosar-
coma recurrence from a large clinical cohort
and assessing the PH assumptions of the Cox
model. Following this groundwork, we devel-
oped and validated a recurrence risk prediction
model integrating time-dependent features
and evaluated its generalizability in an inde-
pendent external validation cohort. The ulti-
mate aim of this study is to develop a scientific,
rational, and individualized stratified follow-up
strategy based on dynamic risk assessment
results to achieve early and accurate identifica-
tion of osteosarcoma recurrence and better
allocation of medical resources for improved
long-term survival outcomes.

Methods and materials
Sample size calculation

The ultimate goal of this research is to develop
a methodologically rational and individualized
follow-up strategy based on dynamic risk ass-
essment results to timely and accurately iden-
tify osteosarcoma recurrence, thus allowing
more effective allocation of medical resources
and improved long-term survival. This retro-
spective cohort study used recurrence-free sur-
vival (RFS) as the main endpoint. The sample
size was calculated using the Schoenfeld resid-
ual method formula for Cox proportional haz-
ards regression models [14]. Thus, the total
number of recurrence events was computed
using the above formula. The total number of
events required was determined through trial
and error. The parameters were determined as
follows: (1) Zl_wzz the quantile of the standard
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normal distribution corresponding to a two-
sided significance level of a = 0.05, equal to
1.96; (2) ZLB: the quantile of the standard nor-
mal distribution corresponding to a test power
of 1-B = 0.80, equal to 0.84; (3) p, and p,: the
sample proportions considered in the two pre-
dictor variable groups, which were assumed to
be balanced between high- and low-risk popu-
lations, i.e., (p, = p, = 0.5); and (4) HR: the
expected HR. Taking into account previous
prognostic studies of osteosarcoma and clini-
cal experience, a minimum clinically meaning-
ful HR of 1.60 was set [15]. By substituting
these parameters, we obtained E = (1.96 +
0.84)%/[0.5 x 0.5 x (In1.60)?] ~ 142 events.
Thus, a minimum of 142 recurrence events
was required for modelling. According to Riley’s
method and the guidelines of the Transparent
Reporting of a multivariable prediction model
for Individual Prognosis Or Diagnosis state-
ment, we aimed to avoid overfitting in multi-
variable models by ensuring at least 10 out-
come events per candidate predictor variable
(events per variable > 10) [12]. In view of our
research plan to include approximately 15 can-
didate clinical and pathological predictors, at
least 15 x 10 recurrence events were requir-
ed. Hence, based on both calculation methods,
our study required at least 150 recurrence
events. According to prior literature, the overall
postoperative recurrence rate for osteosarco-
ma is around 35% to 40% [16]. The recurrence
rate was conservatively estimated at 35%, and
hence the total required sample size (N) was
estimated as follows: N = E/expected recur-
rence rate = 150/0.35 =~ 429 patients. In view
of anticipated information loss or loss to foll-
ow-up of approximately 10% in retrospective
data collection, the final target sample size
should not be less than 429 + 0.9 ~ 477 cases.
This study eventually included a total of 498
patients, comprising 341 cases in the training
cohort and 157 cases in the external validation
cohort. A total of 202 recurrence events were
noted during follow-up for the entire cohort,
with a recurrence rate of 40.6%. The sample
size (498 > 477) and recurrence event count
(202 > 150) met the requirements for adequate
statistical power to develop a Cox regression
prediction model with adequate performance.

Study population

Training cohort: We retrospectively collected
data from 341 patients with pathologically con-
firmed primary osteosarcoma at the Depart-
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ment of Orthopedics, Second Hospital of
Shanxi Medical University, between January
2010 and December 2018. This cohort was
used for model development and internal vali-
dation. External validation cohort: We included
157 patients with pathologically confirmed pri-
mary osteosarcoma at Shanxi Provincial Peo-
ple’s Hospital between January 2012 and June
2019 to assess model generalizability. This
study was approved by the Ethics Committee of
Second Hospital of Shanxi Medical University.
Owing to the retrospective nature of the study
and the complete anonymization of all data, the
requirement for informed consent was waived.
This study was conducted in accordance with
the Declaration of Helsinki [17] and relevant
ethical guidelines.

Inclusion and exclusion criteria

Inclusion criteria: (1) histopathologically con-
firmed primary osteosarcoma; (2) age > 18
years and < 70 years; (3) receipt of standard
treatment consisting of neoadjuvant chemo-
therapy, surgical resection, and postoperative
adjuvant chemotherapy; (4) surgical approach
involving wide excision, including limb-salvage
surgery or amputation; (5) complete postopera-
tive follow-up data with a follow-up duration >
24 months or occurrence of recurrence/death
during follow-up; and (6) complete clinical and
pathological data. Exclusion criteria: (1) sec-
ondary osteosarcoma, such as Paget’s disea-
se transformation or post-radiation osteosar-
coma; (2) low-grade osteosarcoma subtypes,
such as parosteal or periosteal osteosarcoma;
(3) presence of distant metastasis at initial
diagnosis (Stage Ill); (4) concurrent other pri-
mary malignancies; (5) receipt of preoperative
radiotherapy; (6) perioperative death within 30
days postoperatively; and (7) loss to follow-up
or incomplete follow-up data.

Clinical data collection

We retrospectively collected clinical and path-
ological data from enrolled patients through
electronic medical records. Data included three
main categories: demographic characteristics,
tumor features, and treatment-related facto-
rs. Demographic characteristics included sex
(male/female), age at diagnosis (grouped as <
65 years and > 65 years), and body mass index.
Body mass index was categorized according to
Chinese adult standards as underweight (<
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18.5 kg/m?), normal weight (18.5-23.9 kg/m?),
and overweight/obese (= 24.0 kg/m?2). Tumor
characteristics included primary site (distal
femur, proximal tibia, proximal humerus, other
extremity bones, and axial skeleton [spine or
pelvis]), maximum tumor diameter (measured
by preoperative magnetic resonance imaging
[MRI] and grouped as < 10 cm and > 10
cm), tumor volume (calculated using the ellip-
soid formula V = 11/6 x length x width x height
based on MRI-measured dimensions), patho-
logical subtype (conventional type [osteoblas-
tic, chondroblastic, and fibroblastic], telangiec-
tatic, small cell, high-grade surface, and oth-
ers), Enneking surgical staging (IA, IB, llA, and
IIB), presence of pathological fracture, and
presence of skip metastasis, defined as satel-
lite lesions discontinuous with the main tumor
mass within the same bone or adjacent joint.
Treatment-related factors included neoadju-
vant chemotherapy regimen (methotrexate,
doxorubicin, and cisplatin protocol; adriamycin
and cisplatin protocol; or other regimens), num-
ber of neoadjuvant chemotherapy cycles, surgi-
cal method (limb-salvage surgery or amputa-
tion), surgical margin status (RO resection, R1
resection, or R2 resection), Huvos tumor necro-
sis grading (Grade I-IV), further dichotomized
as good response (Grade llI-IV, necrosis rate >
90%) or poor response (Grade I-ll, necrosis rate
< 90%), and completion status of postoperative
adjuvant chemotherapy (completed or did not
complete standard cycles).

Measurement methods

All patients completed standardized imaging
and pathological assessments before neoadju-
vant chemotherapy and surgery. For imaging
assessment, all patients underwent preopera-
tive plain and contrast-enhanced MRI of the
primary site using a Siemens Magnetom
Skyra 3.0T MRI system (Siemens, Germany).
Scanning sequences included T1-weighted
imaging, T2-weighted imaging, short tau inver-
sion recovery sequence, and gadolinium con-
trast-enhanced T1-weighted imaging. Two radi-
ologists with over 5 years of experience in
bone tumor imaging independently measured
maximum tumor diameter and tumor volume
while blinded to patient outcomes. In the event
of disagreement in the measurements, discus-
sions were held until consensus was reached.
The final values used for the analyses were the
average measurements. All patients underwent
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preoperative high-resolution computed tomog-
raphy (CT) of the chest and postoperative fol-
low-up high-resolution CT scanning for lung
metastasis using a GE Revolution CT scanner
(GE Healthcare, USA) with a 1.25-mm slice
thickness. Whole-body bone scintigraphy was
also performed using the GE Discovery NM/CT
670 SPECT/CT system (GE Healthcare, USA).
Approximately three hours after intravenous
injection of °°"Tc-methylene diphosphonate,
images were acquired to identify bone metas-
tasis and/or skip metastasis. All surgical resec-
tion specimens were reviewed independently
by two senior pathologists qualified in bone
tumor pathology. Histological classification and
diagnosis were performed according to the
2020 World Health Organization bone tumor
classification. After fixation in 10% neutral for-
malin, decalcification, and paraffin embedding,
specimens were sectioned every 1 cm along
the maximum tumor diameter for slide pre-
paration and hematoxylin-eosin staining. The
pathologists examined the post-chemotherapy
tumor necrosis rate of the specimens and grad-
ed the specimens according to the Huvos tumor
necrosis grading standard for further statistical
analysis.

Follow-up and outcome measures

All patients were followed up postoperatively
according to a common protocol: at 3-month
intervals during the first 2 years postoperative-
ly, at 6-month intervals during years 3 to 5, and
then annually after 5 years. The follow-up con-
tent mainly comprised physical examination,
imaging evaluation of the primary site (X-ray or
MRI), and CT scan of the chest to detect local
recurrence and distant metastasis. When indi-
cated, additional imaging studies were per-
formed. The follow-up cut-off date was June 30,
2025. The primary outcome measure was RFS,
defined as the time from surgery to the first
occurrence of local recurrence or distant me-
tastasis. Tumor recurrence at the primary site
or nearby soft tissue was defined as local recur-
rence. Distant metastasis was defined as met-
astatic lesions in the lungs, bones, or other dis-
tant organs. Recurrence or metastasis events
required confirmation by imaging examination,
with pathological confirmation through biopsy
when necessary. For patients who did not expe-
rience recurrence during follow-up, RFS was
censored at the date of the last follow-up.
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Statistical analysis

Statistical analysis was performed using R soft-
ware (version 4.5.1, R Foundation for Statisti-
cal Computing, Vienna, Austria) and SPSS soft-
ware (version 27.0, IBM Corporation, USA). R
software was mainly used for survival analysis,
time-dependent model construction, and re-
sult visualization using packages including sur-
vival, survminer, rms, timeROC, ggplot2, and
forestplot. SPSS software was mainly used
for descriptive statistics and basic statistical
tests. Continuous variables first underwent
normality testing using the Shapiro-Wilk test.
Data following a normal distribution were pre-
sented as the mean + standard deviation (X
+s), with between-group comparisons using
independent samples t-tests. Data not follow-
ing a normal distribution were presented as
the median (interquartile range) [M (IQR)], with
between-group comparisons using Mann-
Whitney U tests. Categorical variables were
presented as frequency and percentage [n
(%)], with between-group comparisons using x?
tests or Fisher’s exact test. RFS was estimated
using the Kaplan-Meier method, and survival
curves were plotted. Between-group differenc-
es were compared using log-rank tests. Cox PH
regression models were used for univariable
analysis. Variables with P < 0.10 were included
in multivariable Cox regression analysis using
stepwise backward elimination to screen for
independent recurrence-related factors. Re-
sults were presented as HRs with 95% confi-
dence intervals (95% Cls). We tested the PH
assumptions of the Cox model using the
Schoenfeld residual method. For variables vio-
lating the PH assumptions (P < 0.05), we fur-
ther applied time-dependent Cox regression
models or piecewise Cox models. Based on
the multivariable analysis results, we con-
structed nomogram models using the rms
package to predict 1-year, 3-year, and 5-year
RFS. Model discrimination was assessed us-
ing Harrell's concordance index (C-index) and
the area under the time-dependent receiver
operating characteristic (ROC) curve (AUC).
Model calibration was evaluated by plotting
calibration curves with internal validation using
the bootstrap method with 1000 resamples.
Decision curve analysis (DCA) was used to
assess the clinical net benefit of the model at
different threshold probabilities. We calculated
the C-index and AUC in the independent exter-
nal validation cohort and plotted calibration
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curves and DCA curves to evaluate model gen-
eralizability. Additionally, we performed sub-
group analyses stratified by age (< 65 years vs.
> 65 years), tumor site (extremity bones vs.
axial skeleton), and Huvos grade (good res-
ponse vs. poor response). We handled missing
data using multiple imputation methods and
compared the consistency of results before
and after imputation through sensitivity analy-
ses. Patients were stratified into low-, interme-
diate-, and high-risk groups based on the ter-
tiles of the risk score distribution in the train-
ing cohort. Specifically, the 33rd and 66th per-
centiles (0.487 and 0.991, respectively) were
used as cut-off values, and the same thresh-
olds were applied to the validation cohort. All
statistical tests were two-sided, with P < 0.05
considered statistically significant.

Results

Patient follow-up outcomes and recurrence
overview

This study included 498 patients with osteosar-
comas after surgery. The median follow-up time
was 52.0 months, with an IQR of 42.0 months.
Moreover, the follow-up range was between
2.0-66.0 months. At the last follow-up, recur-
rence was confirmed in 202 patients, giving an
overall recurrence rate of 40.6%. Analysis of
the recurrence group showed a median time to
recurrence of 12.0 months (range: 2.0-58.0
months), indicating that the recurrence peak
was mainly concentrated within the first year
postoperatively. Kaplan-Meier survival analysis
showed that the median RFS for the entire
cohort was not reached because the overall
recurrence rate did not exceed 50%. Cumula-
tive RFS rates at 1 year, 3 years, and 5 years
postoperatively were 79.1% (standard error,
SE: 1.8%), 61.6% (SE: 2.2%), and 58.8% (SE:
2.3%), respectively. Based on the distribution
of recurrence events and time-dependent sur-
vival estimates, recurrence risk was concen-
trated during the first 3 years postoperatively,
with a decreasing trend thereafter.

Comparison of clinical and pathological
characteristics between the recurrence and
non-recurrence groups

This study included 498 patients with osteosar-

coma: 202 in the recurrence group and 296 in
the non-recurrence group. Univariable analysis
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Table 1. Comparison of clinicopathological characteristics between the recurrence and non-recur-
rence groups in patients with osteosarcoma

Characteristic Total (n = 498) grssstz:]rin;gm grzz_;iﬁuirzg(; 2 P-value

Age 4.608 0.032
< 65 years 241 (48.39%) 86 (42.57%) 155 (52.36%)
> 65 years 257 (51.61%) 116 (57.43%) 141 (47.64%)

Sex 1.389 0.239
Male 290 (58.23%) 124 (61.39%) 166 (56.08%)
Female 208 (41.77%) 78 (38.61%) 130 (43.92%)

Tumor site 26.636 < 0.001
Extremity/other sites 430 (86.35%) 155 (76.73%) 275 (92.91%)
Axial skeleton (spine/pelvis) 68 (13.65%) 47 (23.27%) 21 (7.09%)

Tumor diameter 43.17 <0.001
<10cm 260 (52.21%) 69 (34.16%) 191 (64.53%)
>10cm 238 (47.79%) 133 (65.84%) 105 (35.47%)

Enneking stage 16.064 < 0.001
IA 229 (45.98%) 71 (35.15%) 158 (53.38%)
1153 269 (54.02%) 131 (64.85%) 138 (46.62%)

Histological subtype 0.004 0.950
Osteoblastic 374 (75.10%) 152 (75.25%) 222 (75.00%)
Others 124 (24.90%) 50 (24.75%) 74 (25.00%)

Huvos grade 32.050 <0.001
I-Il (poor response) 274 (55.02%) 142 (70.30%) 132 (44.59%)
I-IV (good response) 224 (44.98%) 60 (29.70%) 164 (55.41%)

Surgical method 3.844 0.050
Limb-salvage surgery 421 (84.54%) 163 (80.69%) 258 (87.16%)
Amputation 77 (15.46%) 39 (19.31%) 38 (12.84%)

Surgical margin 26.960 <0.001
Negative (RO) 434 (87.15%) 157 (77.72%) 277 (93.58%)
Positive (R1/R2) 64 (12.85%) 45 (22.28%) 19 (6.42%)

Adjuvant chemotherapy completion 16.650 < 0.001
Completed 455 (91.37%) 172 (85.15%) 283 (95.61%)
Incomplete or refused 43 (8.63%) 30 (14.85%) 13 (4.39%)

Comorbidity, CCI 1.189 0.275
0 98 (19.68%) 35 (17.33%) 63 (21.28%)
>1 400 (80.32%) 167 (82.67%) 233 (78.72%)

Note: Data are presented as n (%). CCl, Charlson Comorbidity Index; RO, no residual tumor; R1, microscopic residual tumor;
R2, macroscopic residual tumor; x?, chi-square statistic.

revealed significant differences in multiple clin-
ical and pathological characteristics between
the two groups. The recurrence group had high-
er proportions of patients aged > 65 years (P =
0.032), tumors located in the axial skeleton (P
< 0.001), tumor diameter > 10 cm (P < 0.001),
Enneking stage 1IB (P < 0.001), Huvos grade
I-1l (poor chemotherapy response) (P < 0.001),
positive surgical margins (P < 0.001), and fail-
ure to complete standard adjuvant chemother-
apy cycles (P < 0.001). The two groups showed
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no significant differences in sex (P = 0.239),
pathological subtype (P = 0.950), surgical me-
thod (P = 0.050), or Charlson Comorbidity Index
(CCI) (P =0.275) (all P > 0.05) (Table 1).

Comparison of baseline characteristics
between the recurrence and non-recurrence
groups in the training cohort

The training cohort included 341 patients with
osteosarcoma: 135 in the recurrence group
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Table 2. Comparison of baseline characteristics between the recurrence and non-recurrence groups

in the training cohort

Characteristic Total (n = 341) grsjgl::infgs) ’g\lr%r;;e(iufzg%i X2 P-value

Age 0.998 0.318
< 65 years 168 (49.27%) 62 (45.93%) 106 (51.46%)
> 65 years 173 (50.73%) 73 (54.07%) 100 (48.54%)

Sex 2.169 0.141
Male 193 (56.60%) 83 (61.48%) 110 (53.40%)
Female 148 (43.40%) 52 (38.52%) 96 (46.60%)

Tumor site 14.632 <0.001
Extremity/other sites 297 (87.10%) 106 (78.52%) 191 (92.72%)
Axial skeleton (spine/pelvis) 44 (12.90%) 29 (21.48%) 15 (7.28%)

Tumor diameter 23.298 <0.001
<10cm 180 (52.79%) 49 (36.30%) 131 (63.59%)
>10cm 161 (47.21%) 86 (63.70%) 75 (36.41%)

Enneking stage 3.427 0.064
IA 160 (46.92%) 55 (40.74%) 105 (50.97%)
1153 181 (53.08%) 80 (59.26%) 101 (49.03%)

Histological subtype 0.832 0.362
Osteoblastic 251 (73.61%) 103 (76.30%) 148 (71.84%)
Others 90 (26.39%) 32 (23.70%) 58 (28.16%)

Huvos grade 16.566 < 0.001
I-Il (poor response) 181 (53.08%) 90 (66.67%) 91 (44.17%)
-1V (good response) 160 (46.92%) 45 (33.33%) 115 (55.83%)

Surgical method 1.848 0.174
Limb-salvage surgery 289 (84.75%) 110 (81.48%) 179 (86.89%)
Amputation 52 (15.25%) 25 (18.52%) 27 (13.11%)

Surgical margin 12.215 <0.001
Negative (RO) 299 (87.68%) 108 (80.00%) 191 (92.72%)
Positive (R1/R2) 42 (12.32%) 27 (20.00%) 15 (7.28%)

Adjuvant chemotherapy completion 7.831 0.005
Completed 315 (92.38%) 118 (87.41%) 197 (95.63%)
Incomplete or refused 26 (7.62%) 17 (12.59%) 9 (4.37%)

Comorbidity, CCI 2.951 0.086
0 66 (19.35%) 20 (14.81%) 46 (22.33%)
>1 275 (80.65%) 115 (85.19%) 160 (77.67%)

Note: Data are presented as n (%). CCl, Charlson Comorbidity Index; RO, no residual tumor; R1, microscopic residual tumor;
R2, macroscopic residual tumor; x?, chi-square statistic.

and 206 in the non-recurrence group. Baseline
characteristic analysis showed significant dif-
ferences in multiple clinical and pathological
features between the two groups. The recur-
rence group had higher proportions of tumors
located in the axial skeleton (P < 0.001), tumor
diameter > 10 cm (P < 0.001), Huvos grade I-II
(poor chemotherapy response) (P < 0.001),
positive surgical margins (P < 0.001), and fail-
ure to complete standard adjuvant chemother-
apy cycles (P = 0.005). The two groups showed
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no significant differences in age (P = 0.318),
sex (P = 0.141), Enneking stage (P = 0.064),
pathological subtype (P = 0.362), surgical me-
thod (P = 0.174), or CCI (P = 0.086) (all P >
0.05) (Table 2).

Correlation analysis of predictive variables and
multicollinearity testing

To assess whether collinearity existed among
the 11 candidate predictive variables included
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Correlation Matrix (Spearman)

Huvos Grade

CCl Score

0.09

Enneking Stage

Tumor Site

Tumor Size

Pathological Subtype

Chemotherapy Completion

Surgery Type

Surgical Margin

Figure 1. Spearman correlation matrix heatmap of candidate predictor vari-
ables in the training cohort. Note: CCl, Charlson Comorbidity Index.

in the model, we performed Spearman correla-
tion analysis and variance inflation factor (VIF)
testing. Correlation analysis showed that the
absolute correlation coefficients between all
variable pairs were less than 0.5. The stronge-
st correlation was observed between Huvos
grade and tumor diameter (r =-0.22), indicating
no strong correlation among variables (Figure
1). VIF testing showed that all variables had
VIF values less than 5 (range: 1.013-1.160),
which were well below the multicollinearity
warning threshold. This indicated no multicol-
linearity among the included predictive vari-
ables, making them suitable for subsequent
multivariable regression analysis (Figure 2).

Testing the PH assumption of the cox regres-
sion model

To verify the applicability of the Cox PH regres-
sion model, we tested the PH assumption using
the Schoenfeld residual method. In the full mul-
tivariable model containing all candidate vari-
ables, the global test indicated violation of the
PH assumption (global P = 0.0157), with surgi-
cal margin (P = 0.027) and adjuvant chemo-
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therapy completion (P = 0.033)
showing significant time-de-
pendent effects (Figure 3). Ac-
cordingly, for these variables
that violated the PH assump-
tion, piecewise Cox regression
models with time-varying coef-
ficients were applied in subse-
quent analyses, as prespeci-
fied in the statistical analysis
plan.

0.8
0.6

r 04

Univariable and multivariable
cox regression analysis of
risk factors for osteosarcoma
recurrence

r 02

To explore independent risk
factors affecting postoperative
osteosarcoma recurrence, uni-
variable and multivariable Cox
PH regression analyses were
performed on clinical and path-
ological variables in the train-
ing cohort. Univariable Cox re-
gression analysis showed that
tumor location in the axial skel-
eton (P < 0.001), tumor diame-
ter > 10 cm (P < 0.001), Huvos
grade I-1l (P < 0.001), positive surgical margins
(P < 0.001), and incomplete adjuvant chemo-
therapy (P < 0.001) were significant risk factors
for osteosarcoma recurrence. Age (P = 0.348),
sex (P = 0.122), Enneking stage (P = 0.056),
pathological subtype (P = 0.431), surgical me-
thod (P = 0.097), and CCI (P = 0.099) showed
no significant association with recurrence risk
(P > 0.05). After variables with P < 0.1 in uni-
variable analysis were included in the multivari-
able Cox regression model, the results showed
that tumor location in the axial skeleton (P <
0.001), tumor diameter = 10 cm (P = 0.011),
Huvos grade I-Il (P = 0.008), positive surgical
margins (P < 0.001), and incomplete adjuvant
chemotherapy (P < 0.001) were independent
risk factors for postoperative osteosarcoma
recurrence. Age (P = 0.122), Enneking stage (P
= 0.056), and surgical method (P = 0.097)
showed no independent predictive value after
adjustment for other factors (P > 0.05) (Figure
4). Given that some of these five independent
risk factors showed evidence of time-depen-
dent effects, we further applied piecewise Cox
regression models to estimate period-specific
HRs (Table 3; Figure 5).

Am J Cancer Res 2026;16(6):2189-2214



Time-dependent evolution and stratification of osteosarcoma recurrence risk

VIF Test — Multicollinearity Diagnosis
QOrange line = 5 (Warning), Red line = 10 (Severe)

Huvos Grade

Tumor Size

Surgical Margin

Surgery Type

Tumor Site

Enneking Stage

Sex

Age

Pathological Subtype

CCl Score

Chemotherapy Completion

00 0.5

10 15
VIF Value

Status . Normal

Figure 2. VIF values of candidate predictor variables in the training cohort. Note: VIF, variance inflation factor; CCl,

Charlson Comorbidity Index.

Time-dependent effect analysis of indepen-
dent prognostic factors

Given that some variables showed time-depen-
dent trends in PH assumption testing, we used
piecewise Cox regression models to further
explore dynamic changes in the HRs of inde-
pendent prognostic factors over time. Time-
dependent analysis revealed that all five inde-
pendent prognostic factors exhibited signifi-
cant time-dependent effects. The hazard effect
of tumor location in the axial skeleton was
strongest in the early postoperative period and
gradually attenuated over time. At 0-12 months
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and 12-24 months, the risk was significantly
elevated (P < 0.001). At 24-36 months, statisti-
cal significance persisted (P = 0.012), but after
36 months, the hazard effect was no longer
significant (P > 0.05). Time-dependency testing
showed that this effect changed significantly
over time (P = 0.006). Tumor diameter > 10 cm
was a significant risk factor at 0-12 months (P
<0.001), 12-24 months (P < 0.001), and 24-36
months (P = 0.017), but the effect disappeared
after 36 months (P > 0.05). Time-dependency
testing confirmed effect attenuation over time
(P =0.008). Huvos grade I-1l (poor chemothera-
py response) significantly increased recurrence

Am J Cancer Res 2026;16(6):2189-2214
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Figure 3. Schoenfeld residual plots for testing the proportional hazards assumption in the full Cox model with 11
variables. Note: PH, proportional hazards; CCI, Charlson Comorbidity Index; Beta(t), time-varying coefficient. Red
panels indicate variables that violated the PH assumption.

Cox Regression Analysis — Univariate and Multivariable Forest Plot

Variable Univariate HR (95% CI) B Univariate P value Multivariable HR (85% CI) P value
Age B Multivariable

265 years 1.18 (0.84-1.65) —— 0.348
Gender

Male 1.32 (0.93-1.86) —— 0.122
Tumor Site

Axial 2.74 (1.82-4.15) —— <0.001 2.41 (1.58-3.69) <0.001
Tumor Size

210 cm 2.40 (1.69-3.41) ——u— <0.001 1.63 (1.12-2.37) 0.011
Enneking Stage

Stage 11B/11l 1.40 (0.99-1.97) —— 0.056
Pathological Subtype

Special subtype 0.85 (0.57-1.27) —— 0.431
Huvos Grade

Grade |-l 2.16 (1.51-3.09) —-— <0.001 1.65 (1.14-2.40) 0.008
Surgical Method

Amputation 1.44(0.94-2.23) —— 0.097
Surgical Margin

Positive 2.56 (1.68-3.90) e <0.001 2.17 (1.40-3.37) <0.001
Adjuvant Chemotherapy

Incomplete 2.74 (1.65-4.56) . <0.001 2.79 (1.65-4.74) <0.001
CCl Index

=1 point 1.49 (0.93-2.40) —_— 0.099

o] I1 o] O.ISO 1', 0 2I,0 SYIOO 1 O.IOO

Hazard Ratio

Figure 4. Forest plot of univariable and multivariable Cox regression analyses for osteosarcoma recurrence in the
training cohort. Note: HR, hazard ratio; Cl, confidence interval; CCl, Charlson Comorbidity Index.

risk at 0-12 months (P = 0.001), 12-24 months Comparison of baseline characteristics

(P = 0.001), and 24-36 months (P = 0.036). between the training and external validation
After 36 months, the effect weakened (P > cohorts

0.05), with significant time dependency (P =

0.012). The hazard effect of positive surgical To assess the reliability of external model vali-
margins was most prominent at 0-12 months dation, we compared the distributions of base-
(P < 0.001) and 12-24 months (P < 0.001). line characteristics between the training cohort
Significance persisted at 24-36 months (P = (n = 341) and the external validation cohort (n

0.029) but was no longer observed after 36
months (P > 0.05), with significant time depen-
dency (P = 0.005). Incomplete adjuvant chemo-
therapy significantly increased recurrence risk
at 0-12 months (P < 0.001), 12-24 months (P <
0.001), and 24-36 months (P = 0.008). After
36 months, the effect disappeared (P > 0.05).
Time-dependency testing confirmed an attenu-

=157). The results showed no significant differ-
ences in any clinical or pathological character-
istics between the two groups, including age (P
=0.565), sex (P =0.276), tumor site (P =0.472),
tumor diameter (P = 0.704), Enneking stage (P
= 0.536), pathological subtype (P = 0.256),
Huvos grade (P = 0.199), surgical method (P =

ating trend (P = 0.004). These results indicate 0.847), surgical margin (P = 0.599), adjuvant
that the influence of each independent prog- chemotherapy completion (P = 0.237), and CClI
nostic factor on osteosarcoma recurrence was (P =0.789) (all P > 0.05). This indicated good
mainly concentrated in the first 36 months comparability between the training and exter-
postoperatively, suggesting that the early post- nal validation cohorts, providing a reliable foun-
operative period is a critical time for recurrence dation for subsequent external model valida-
monitoring (Table 3; Figure 5). tion (Table 4).
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Table 3. Time-dependent effects of independent prognostic factors for osteosarcoma recurrence us-

ing segmented Cox regression analysis

Prognostic factor Time period, months HR (95% ClI) P-value
Huvos grade Il 0-12 2.65 (1.51-4.65) 0.001
Huvos grade Il 12-24 2.18(1.38-3.44) 0.001
Huvos grade Il 24-36 1.76 (1.04-2.98) 0.036
Huvos grade I-lI 36-48 1.35 (0.73-2.49) 0.339
Huvos grade I-lI > 48 1.08 (0.54-2.16) 0.826
Huvos grade I-lI Time-varying test - 0.012
Incomplete adjuvant chemotherapy 0-12 3.48 (1.98-6.12) <0.001
Incomplete adjuvant chemotherapy 12-24 2.95 (1.82-4.78) <0.001
Incomplete adjuvant chemotherapy 24-36 2.28 (1.35-3.85) 0.008
Incomplete adjuvant chemotherapy 36-48 1.75 (0.95-3.22) 0.142
Incomplete adjuvant chemotherapy > 48 1.42 (0.72-2.80) 0.485
Incomplete adjuvant chemotherapy Time-varying test - 0.004
Positive surgical margins 0-12 3.92 (1.95-7.88) <0.001
Positive surgical margins 12-24 3.24 (1.76-5.97) <0.001
Positive surgical margins 24-36 2.15 (1.08-4.28) 0.029
Positive surgical margins 36-48 1.68 (0.72-3.92) 0.231
Positive surgical margins > 48 1.35 (0.52-3.51) 0.538
Positive surgical margins Time-varying test - 0.005
Tumor site, axial skeleton 0-12 3.15 (1.85-5.38) <0.001
Tumor site, axial skeleton 12-24 2.68 (1.68-4.28) <0.001
Tumor site, axial skeleton 24-36 2.05 (1.25-3.36) 0.012
Tumor site, axial skeleton 36-48 1.58 (0.92-2.72) 0.185
Tumor site, axial skeleton > 48 1.25 (0.68-2.31) 0.548
Tumor site, axial skeleton Time-varying test - 0.006
Tumor diameter > 10 cm 0-12 2.85(1.62-5.01) <0.001
Tumor diameter > 10 cm 12-24 2.42 (1.55-3.78) <0.001
Tumor diameter > 10 cm 24-36 1.89(1.12-3.19) 0.017
Tumor diameter > 10 cm 36-48 1.52 (0.84-2.75) 0.167
Tumor diameter > 10 cm > 48 1.18 (0.61-2.28) 0.622
Tumor diameter > 10 cm Time-varying test - 0.008

Note: HR, hazard ratio; Cl, confidence interval. The time-varying test was based on Schoenfeld residuals.

Construction and internal validation of the
osteosarcoma recurrence prediction model in
the training cohort

Based on five independent prognostic factors
screened through multivariable Cox regression
analysis, we constructed a postoperative oste-
osarcoma recurrence risk prediction model.
The risk score calculation formula was as fol-
lows: Risk score = 0.8810 x tumor site (axial
skeleton = 1) + 0.4869 x tumor diameter (=
10 cm = 1) + 0.5037 x Huvos grade (I-1l = 1) +
0.7747 x surgical margin (positive = 1) +
1.0273 x adjuvant chemotherapy completion
(incomplete = 1). We performed internal valida-
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tion of the model in the training cohort. Time-
dependent ROC curve analysis showed that
the AUC values for predicting 1-year, 3-year,
and 5-year recurrence risk were 0.805 (95%
Cl: 0.747-0.864), 0.734 (95% Cl: 0.681-0.788),
and 0.923 (95% CI: 0.887-0.959), respective-
ly, indicating good discriminative ability. DCA
showed that within the threshold probability
range of 0.1-0.7, the model’s net benefit was
higher than those of both the “treat all” and
“treat none” strategies. At the threshold of
0.3, the net benefit was 0.187, indicating
good clinical utility. The calibration curves
showed agreement between the predicted and
observed risks, with a Brier score of 0.2799.
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Figure 5. Dynamic changes in HRs of independent prognostic factors across postoperative time periods. A. Dynamic
changes in the HR of tumor site, axial skeleton, across postoperative time periods. B. Dynamic changes in the HR of
tumor diameter > 10 cm across postoperative time periods. C. Dynamic changes in the HR of Huvos grade I-1l across
postoperative time periods. D. Dynamic changes in the HR of positive surgical margins across postoperative time
periods. E. Dynamic changes in the HR of incomplete adjuvant chemotherapy across postoperative time periods.
Note: HR, hazard ratio; Cl, confidence interval. The dashed horizontal line indicates HR = 1. Filled circles indicate P

< 0.05, and open circles indicate P > 0.05.

Based on the tertiles of the clinical risk score,
patients were classified into low-, intermedi-
ate-, and high-risk groups. Kaplan-Meier sur-
vival analysis showed that RFS differed sig-
nificantly among the three risk groups (P <
0.0001), confirming the effectiveness of the
risk stratification model (Figure 6).

Validation of the osteosarcoma recurrence
prediction model in the external validation
cohort

To assess model generalizability, we indepen-
dently validated the prediction model in the
external validation cohort (n = 157). Time-
dependent ROC curve analysis showed that
the AUC values for predicting 1-year, 3-year,
and 5-year recurrence risk were 0.860 (95%
Cl: 0.796-0.925), 0.775 (95% CI: 0.703-0.847),
and 0.890 (95% Cl: 0.791-0.989), respectively.
The discriminative ability was comparable to
or slightly better than that in the training co-
hort, indicating good external applicability. DCA
showed that within the threshold probability
range of 0.1-0.7, the model’s net benefit consis-
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tently exceeded those of the “treat all” and
“treat none” strategies. At a threshold of 0.3,
the net benefit was 0.227, further confirm-
ing the model’s clinical decision-making value.
Calibration curves showed agreement between
the predicted risk and the observed risk in the
external validation cohort, with a Brier score of
0.2600, which was lower than that in the train-
ing cohort. This indicated that the model’s pre-
diction accuracy remained reliable in external
data. After applying the risk stratification crite-
ria established in the training cohort to the
external validation cohort, Kaplan-Meier sur-
vival analysis similarly showed significant
differences in RFS among the low-, intermedi-
ate-, and high-risk groups (P < 0.0001), further
validating the stability and reproducibility of
the risk stratification model across different
populations (Figure 7).

Development of an individualized follow-up
strategy based on risk stratification

Based on the time-dependent characteristics
of recurrence risk and risk stratification results,
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Table 4. Comparison of baseline characteristics between the training cohort and external validation

cohort

Characteristic Total (n = 498) Coh;rta('z'zg?m) Ez:)ircf)‘rat'(‘r’]azdf;'?o)” 2 Pualue

Age 0.330 0.565
< 65 years 241 (48.39%) 168 (49.27%) 73 (46.50%)
> 65 years 257 (51.61%) 173 (50.73%) 84 (53.50%)

Sex 1.188 0.276
Male 290 (58.23%) 193 (56.60%) 97 (61.78%)
Female 208 (41.77%) 148 (43.40%) 60 (38.22%)

Tumor site 0.518 0.472
Extremity/other sites 430 (86.35%) 297 (87.10%) 133 (84.71%)
Axial skeleton (spine/pelvis) 68 (13.65%) 44 (12.90%) 24 (15.29%)

Tumor diameter 0.144 0.704
<10cm 260 (52.21%) 180 (52.79%) 80 (50.96%)
>10cm 238 (47.79%) 161 (47.21%) 77 (49.04%)

Enneking stage 0.382 0.536
IA 229 (45.98%) 160 (46.92%) 69 (43.95%)
1153 269 (54.02%) 181 (53.08%) 88 (56.05%)

Histological subtype 1.290 0.256
Osteoblastic 374 (75.10%) 251 (73.61%) 123 (78.34%)
Others 124 (24.90%) 90 (26.39%) 34 (21.66%)

Huvos grade 1.646 0.199
I-Il (poor response) 274 (55.02%) 181 (53.08%) 93 (59.24%)
I-IV (good response) 224 (44.98%) 160 (46.92%) 64 (40.76%)

Surgical method 0.037  0.847
Limb-salvage surgery 421 (84.54%) 289 (84.75%) 132 (84.08%)
Amputation 77 (15.46%) 52 (15.25%) 25 (15.92%)

Surgical margin 0.276  0.599
Negative (RO) 434 (87.15%) 299 (87.68%) 135 (85.99%)
Positive (R1/R2) 64 (12.85%) 42 (12.32%) 22 (14.01%)

Adjuvant chemotherapy completion 1.398 0.237
Completed 455 (91.37%) 315 (92.38%) 140 (89.17%)
Incomplete or refused 43 (8.63%) 26 (7.62%) 17 (10.83%)

Comorbidity, CCI 0.072 0.789

0
>1

98 (19.68%)
400 (80.32%)

66 (19.35%)
275 (80.65%)

32 (20.38%)
125 (79.62%)

Note: Data are presented as n (%). CCl, Charlson Comorbidity Index; RO, no residual tumor; R1, microscopic residual tumor;
R2, macroscopic residual tumor; x?, chi-square statistic.

we developed a risk-adaptive individualized
follow-up strategy. Since the hazard effects of
all independent prognostic factors peaked at
12-24 months postoperatively, this time win-
dow was identified as the critical period for
recurrence monitoring. For high-risk patients,
we suggest close follow-up every 2-3 months
during the first 12 months after surgery, with
continued relatively intensive surveillance dur-
ing the 12-24-month recurrence peak. There-
after, the follow-up interval may be adjusted to
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every 3-4 months during 24-36 months, every
6 months during 36-60 months, and annually
after 60 months. For intermediate-risk patien-
ts, follow-up every 3-4 months during the first
24 months may be considered, followed by
every 6 months during 24-48 months and
annually thereafter. For low-risk patients, fol-
low-up every 4-6 months during the first 24
months is generally sufficient, extending to
every 6-12 months during 24-60 months and
annually thereafter. In terms of imaging, sur-
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Figure 6. Internal validation of the recurrence prediction model in the train-
ing cohort. A. Time-dependent ROC curves showing AUC values for predict-
ing 1-, 3-, and 5-year recurrence. B. DCA comparing the net benefit of the
model with “treat all” and “treat none” strategies. C. Calibration curve as-
sessing agreement between predicted and observed recurrence risk at 60
months. D. K-M curves showing differences in RFS among the low-, interme-
diate-, and high-risk groups. Note: ROC, receiver operating characteristic;
AUC, area under the curve; DCA, decision curve analysis; RFS, recurrence-
free survival; Cl, confidence interval; K-M, Kaplan-Meier.

we performed subgroup an-
alyses and interaction testing.
Subgroup analysis showed th-
at the risk stratification model
demonstrated significant prog-
nostic discrimination ability in
most subgroups. In the tumor
site subgroup, the risk stratifi-
cation effect was significant
for patients with extremity tu-
mors (n = 430, events = 155)
(HR =2.27,95% CI: 1.54-3.34,
P < 0.001). For patients with
tumors in the axial skeleton (n
= 68, events = 47), the differ-
ence did not reach statistical
significance due to the smaller
sample size (HR = 1.52, 95%
Cl: 0.47-4.94, P = 0.482). In
the age subgroup, both the
< 65 years group (n = 241,
events = 86; HR = 2.00, 95%
Cl: 1.13-3.52, P = 0.017) and
the > 65 years group (n = 257,
events = 116; HR = 2.58,
95% Cl: 1.52-4.37, P < 0.001)
showed significant risk stratifi-
cation effects. In the surgical
method subgroup, the risk st-
ratification effect was signifi-
cant in the limb-salvage sur-
gery group (n = 421, events =
163) (HR = 2.37, 95% CI: 1.57-
3.58, P < 0.001). For the
amputation group (n = 77,
events = 39), the difference

veillance should primarily rely on chest CT com-
bined with local imaging, such as X-ray or MRI.
Positron emission tomography-CT or bone
scans should not be considered routine exami-
nations but may be performed selectively in
high-risk patients when clinically indicated, par-
ticularly during periods of suspected recur-
rence or ambiguous findings. These follow-up
strategies should be interpreted as risk-adap-
tive suggestions based on recurrence patterns
observed in this study rather than fixed clinical
recommendations (Table 5; Figure 8).

Validation of the risk stratification model
across different clinical subgroups

To assess the applicability of the risk stratifica-
tion model across different clinical subgroups,
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did not reach statistical signifi-
cance due to the limited sample size (HR =
1.77,95% Cl: 0.57-5.49, P = 0.323). In the over-
all population, the recurrence risk in the inter-
mediate-/high-risk group was significantly high-
er than that in the low-risk group (HR = 2.31,
95% CI: 1.57-3.40, P < 0.05). The risk stratifica-
tion model had reliable and consistent prog-
nostic discrimination ability across different
clinical subgroups, supporting its robustness
and generalizability (Figure 9).

Discussion
Key research findings

Osteosarcoma is the most common primary
malignant bone tumor. Despite advances
in multidisciplinary comprehensive treatment
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local recurrence and distant
metastasis were combined as
a single composite endpoint.
Among all patients who experi-
enced recurrence during the
follow-up period, the median
time to recurrence was 12
months. Of the 202 recurren-
ce events, 177 (87.6%) oc-
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variables including age, sex,
Enneking stage, and surgical
method, we confirmed five
independent risk factors: tu-
mor location in the axial skele-
ton, tumor diameter > 10 cm,
Huvos grade I-ll response, pos-
itive surgical margins, and che-
motherapy completion status.
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Figure 7. External validation of the recurrence prediction model in the vali-
dation cohort. A. Time-dependent ROC curves showing AUC values for pre-
dicting 1-, 3-, and 5-year recurrence. B. DCA comparing the net benefit of
the model with the “treat all” and “treat none” strategies. C. Calibration
curve assessing agreement between predicted and observed recurrence
risk at 60 months. D. K-M curves showing differences in RFS among the
low-, intermediate-, and high-risk groups. Note: ROC, receiver operating
characteristic; AUC, area under the curve; DCA, decision curve analysis;
RFS, recurrence-free survival; Cl, confidence interval; K-M, Kaplan-Meier.

that have increased 5-year survival at 60%-
70%, recurrence remains the main cause of
treatment failure and death. In this study, long-
term follow-up data from a total of 498 patients
with high-grade osteosarcoma were obtained
from two centres. This study aimed to system-
atically explore the risk factors for recurrence
and their time-dependent evolution patterns.
Recurrence was defined as local recurrence or
distant metastasis, mostly in the lungs, con-
firmed by imaging and/or pathology. Time to
recurrence was measured from the date of
curative surgery. Due to considerations of sta-
tistical power, as the decreasing number of
local recurrence events rendered separate
modeling for these two events unstable, and
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Time (months)

40 60

Regarding variable definitions,
several points warrant speci-
al mention. The 10 cm thresh-
old for tumor diameter was
mainly based on previous liter-
ature reports and commonly
used clinical stratification st-
andards, with ROC analysis in
our cohort providing explorato-
ry support. In sensitivity analy-
ses treating tumor diameter as
a continuous variable using restricted cubic
splines, the results remained directionally
consistent.

“Completed standard chemotherapy” was de-
fined as completion of 2 preoperative cycles
plus 4 postoperative cycles of the methotrex-
ate, doxorubicin, and cisplatin regimen or an
equivalent regimen, with the cumulative dose
reaching at least 80% of the planned dose.
“Equivalent regimens” and their dose conver-
sions were predefined according to unified
treatment protocols at both centers and veri-
fied by oncologists. Chemotherapy completion
status was determined based on assessment
at 6 months postoperatively. For patients still
undergoing chemotherapy at 6 months postop-
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Table 5. Risk-adaptive follow-up recommendations for patients with osteosarcoma based on recur-

rence risk stratification

Risk group ngitc? drieéac::]\/t?ws Follow-up interval l\/ilrc:tr; :)srlltr;g Recommended imaging

High risk 0-12 Every 2-3 months Intensive Chest CT + local MRI £ PET-CT
12-24 (peak period) Every 2-3 months Intensive Chest CT + local MRI £ PET-CT/bone scan
24-36 Every 3-4 months Standard Chest CT + local MRI
36-60 Every 6 months  Reduced Chest CT + X-ray
> 60 Annually Minimal Chest CT + X-ray

Intermediate risk 0-12 Every 3-4 months Standard Chest CT + local MRI
12-24 (peak period) Every 3-4 months Standard Chest CT + local MRI + bone scan
24-48 Every 6 months  Reduced Chest CT + X-ray
> 48 Annually Minimal Chest CT or X-ray

Low risk 0-24 Every 4-6 months Reduced Chest CT + X-ray
24-60 Every 6-12 months Minimal Chest X-ray £ CT
> 60 Annually Minimal Chest X-ray

Note: CT, computed tomography; MRI, magnetic resonance imaging; PET-CT, positron emission tomography-computed tomogra-
phy. The peak recurrence window refers to 12-24 months postoperatively, when recurrence risk is highest.

eratively, those who completed > 4 cycles with-
out dose reduction were classified as “complet-
ed”; otherwise, they were classified as “not
completed”.

To avoid time bias from recurrence within 0-6
months affecting exposure determination, we
further performed a 6-month landmark analy-
sis, including only 303 patients from the train-
ing cohort without recurrence at 6 months
postoperatively, with results directionally con-
sistent with the main analysis. Additionally, sen-
sitivity analysis in extended Cox models treat-
ing chemotherapy completion as a time-de-
pendent covariate also supported the main
conclusions.

Schoenfeld residual testing indicated that two
variables violated the PH assumptions (P <
0.05): surgical margin (P = 0.023) and adjuvant
chemotherapy completion (P = 0.032). Accord-
ingly, piecewise Cox regression models were
applied to all five independent prognostic fac-
tors, with interaction terms constructed as
piecewise indicator functions. This yielded peri-
od-specific HR estimates for each time period:
0-12 months, 12-24 months, 24-36 months,
36-48 months, and > 48 months.

Analysis of the data showed that the hazard
effects of the major risk factors were fairly
strong at 12 and 24 months after surgery. The
hazard effects started attenuating after 36
months. The pattern of variation differed across
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factors, and the constructed Cls became wider
in later periods; hence, cautious is advisable.

Comparison of risk factors with previous stud-
ies

The independent risk factors found in our study
were mostly in agreement with previous litera-
ture. Rubio-San-Simén et al. [18] represented
the Fighting Osteosarcoma Through European
Research consortium and conducted a sys-
tematic review of 19 studies including 3,245
patients. They confirmed nine prognostic fac-
tors affecting post-recurrence survival through
a meta-analysis of published studies, including
recurrence-free interval (RFIl), lesion location,
lesion number, lesion size, and resectability. It
should be noted that this review was concern-
ed with “prognostic factors after recurrence”
rather than “risk factors for recurrence occur-
rence”. Although related, these are not the
same. The study revealed that post-recurrence
survival was closely related to RFI and com-
plete surgical resection. Indirectly, it confirms
that margin status and early monitoring are
important in patients. A previous study report-
ed that patients with spinal osteosarcoma
have a worse prognosis than those with ex-
tremity osteosarcoma [19]. A prediction model
built on the Surveillance, Epidemiology, and
End Results database found axial skeleton
location to be an adverse prognostic indicator.
According to Huang et al. [20], tumor site was
also an independent prognostic factor in
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Risk—Adaptive Follow—up Strategy Timeline

Personalized surveillance based on recurrence risk patterns

Peak Recurrence Window

Low Risk Every 4-6mo Every 6-12mo Annually
=%
=
<3
% Intermediate Risk Every 3-4mo Every 6mo Annually Annually
2

High Risk Every 2-3mo Every 2-3mo Every 3-4mo Every 6mo Annually

0 12 24 36 48 60 72 84

Time Since Surgery (months)

Monitoring Intensity @) ntensiv<@II wirima@Recuced @standard

Figure 8. Risk-adaptive follow-up strategy timeline based on recurrence risk patterns. The image shows individualized follow-up strategies for patients in different
risk groups, including the high-, intermediate-, and low-risk groups, across different postoperative time periods. Red represents intensive monitoring, orange repre-
sents standard monitoring, green represents reduced-frequency monitoring, and blue represents minimal-frequency monitoring. The shaded area marks the peak
recurrence window from 12 to 24 months postoperatively. Note: mo, months. The peak recurrence window refers to the period of highest recurrence risk, from 12

to 24 months postoperatively.
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Subgroup Analysis: Risk Group Effect on Recurrence
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Figure 9. Forest plot of subgroup analysis for the effect of risk stratification on osteosarcoma recurrence. HRs and
95% Cls of the risk stratification model, comparing the intermediate-/high-risk group with the low-risk group across
different clinical subgroups. Subgroups included tumor site, age, surgical method, and the overall population. The
red dashed line indicates HR = 1, representing the reference line for no effect. Note: HR, hazard ratio; Cl, confidence

interval; n, sample size; events, number of recurrence events.

extremity osteosarcoma. In our study, patients
with osteosarcoma located in the axial skele-
ton had a significantly higher risk of recurrence
than patients with extremity osteosarcoma (HR
=2.34,95% Cl: 1.56-3.51). This may be related
to the complex anatomy of the axial skeleton,
which makes it difficult to achieve wide surgical
margins.

Tumor diameter as a prognostic factor has
been widely recognized. Previous literature
showed that in patients with osteosarcoma
under 60 years old, tumor diameter was an
independent factor affecting overall survival
[24]. Yu et al. [22] similarly incorporated tumor
T stage into prediction models, confirming the
close relationship between tumor burden and
prognosis.

The prognostic value of chemotherapy res-
ponse, as reflected by Huvos grading, was
reconfirmed in this study. Zhang et al. [23]
used dynamic contrast-enhanced MRI radio-
mics to predict preoperative chemotherapy eff-
ects, confirming the importance of chemother-
apy response assessment. Previous literature
showed that preoperative chemotherapy eff-
ects could be predicted through clinical and
pathological characteristics [24]. Our findings
support the use of chemotherapy response as
an important reference indicator for postopera-
tive risk stratification.

Notably, age did not show independent prog-
nostic value in our multivariable analysis, which
is inconsistent with some literature reports.
Xue et al. [25] found age to be an independent
prognostic factor in a large-sample study of
3,566 patients. Fu et al. [26], in their study of
elderly patients with osteosarcoma, also em-
phasized the importance of age. This discrep-
ancy may have several reasons.

First, our cohort comprised patients with pri-
mary osteosarcoma from two centers; the
median age was 66 years, which may reflect an
older patient population than in some prior
studies, potentially affecting the generalizabili-
ty of our findings to younger cohorts. Moreover,

2208

age may correlate with treatment intensity, che-
motherapy completion, surgical method, and
other factors. Its effects may be partially ab-
sorbed when predicting risk. Furthermore, dif-
ferences in age cut-off values across studies
may affect the results. Future studies may use
restricted cubic splines and similar techniques
to investigate the non-linear associations be-
tween age and recurrence risk.

Interpretation of time-dependent effects

One important finding of this study was the
observation of time-dependent characteristi-
cs in the recurrence risk factors of osteosarco-
ma. Traditional Cox PH models assume that
HRs are constant over follow-up. Nonetheless,
Schoenfeld residual testing of our data demon-
strated that two variables, surgical margin and
adjuvant chemotherapy completion, violated
the PH assumption (P < 0.05; Figure 3). Pie-
cewise indicator functions were created as
interaction terms. Based on clinical patterns of
osteosarcoma recurrence and previous litera-
ture, the time periods were set as 0-12 mon-
ths, 12-24 months, 24-36 months, 36-48
months, and > 48 months. In our sensitivity
analyses, we tried an alternative segmentation
of 0-6 months, 6-18 months, 18-36 months,
36-48 months, and > 48 months, and the main
conclusions were unchanged.

The analysis results showed that the hazard
effects of most risk factors were relatively
strong at 12-24 months postoperatively, with
attenuation trends after 36 months. However,
this finding should be interpreted cautiously.

First, time-varying patterns were not complete-
ly consistent across different factors. For exam-
ple, the effect of positive surgical margins at-
tenuated relatively quickly, while the effect of
poor chemotherapy response lasted relatively
longer. Second, by 36 months, 214 of 341 pa-
tients (62.8%) remained in the risk set. The
declining number of patients at risk in later
periods contributed to wider confidence inter-
vals around HR estimates, and reduced statisti-
cal power in later intervals may partly account
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for the apparent attenuation of effects beyond
36-48 months.

Third, high-risk patients tended to recur early
and exit the cohort, a phenomenon known as
“susceptible depletion”. This survivor bias may
also cause a passive decline in later HRs.

From a biological perspective, this temporal
pattern may be related to several factors. The
systematic review by Rubio-San-Simén et al.
[18] noted that RFI > 24 months was associat-
ed with better post-recurrence prognosis, sug-
gesting that recurrence time itself reflects the
biological behavior characteristics of tumors.
Previous literature showed that the occurrence
of lung metastasis in osteosarcoma is related
to multiple clinical and pathological factors
[27]. As the most common recurrence pattern,
the natural course of lung metastasis may be
related to the recurrence time distribution we
observed.

Additionally, postoperative adjuvant chemo-
therapy typically lasts 6-12 months. The effect
of chemotherapy on micrometastatic lesions
and immune function recovery after treatment
completion may jointly influence the recurren-
ce time distribution. Previous literature indicat-
ed that molecular markers such as miR-34a
are related to chemotherapy resistance and
recurrence [28], suggesting that molecular
mechanisms of chemotherapy sensitivity may
affect recurrence temporal patterns. However,
these mechanistic explanations currently
remain speculative and require further basic
and translational research for verification.

Performance and clinical value of the predic-
tion model

Based on these findings, we constructed a risk
prediction model integrating time-varying coef-
ficients. The model development cohort con-
sisted of 341 patients from Center A, includ-
ing 135 recurrence events, and the external
validation cohort consisted of 157 patients
from Center B, including 67 recurrence events.
Linear predictors from the multivariable Cox
model combined with baseline hazard func-
tions were used to calculate conditional recur-
rence probabilities at different time points.

Model discrimination was assessed using time-
dependent ROC curves and the corresponding
AUC values. Calibration was assessed using
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Brier scores and calibration plots. The model
showed good discrimination in the training
cohort, with AUC values for predicting 1-year,
3-year, and 5-year recurrence risk of 0.805
(95% CI: 0.747-0.864), 0.734 (95% CI: 0.681-
0.788), and 0.923 (95% CI: 0.887-0.959),
respectively (Figure 6). The calibration curves
showed general agreement between predicted
and observed probabilities, with a Brier score
of 0.2799, suggesting that the prediction error
was within an acceptable range, although this
should be interpreted in the context of the
event rate of approximately 40%. In the geo-
graphic external validation cohort, model per-
formance was comparable, with AUC values of
0.860 (95% CI: 0.796-0.925), 0.775 (95% CI:
0.703-0.847), and 0.890 (95% CI: 0.791-
0.989) at 1, 3, and 5 years, respectively, and
a Brier score of 0.2600, indicating generaliz-
ability (Figure 7).

We acknowledge the risk of overfitting. The
training cohort included 135 recurrence ev-
ents. The model comprised five main-effect
variables plus two time interaction terms (for
surgical margin and adjuvant chemotherapy
completion, the two variables that violated the
PH assumption), with an effective parameter
count of approximately 7. The event-to-para-
meter ratio (approximately 19:1) met empirical
recommendations but overfitting risk cannot
be fully excluded. To mitigate this risk, we
adopted the following strategies: limiting the
degrees of freedom of the time function, using
piecewise constants rather than continuous
splines, adding interaction terms only for vari-
ables that violated the PH assumptions, using
bootstrap internal validation, and conducting
geographic external validation. The predictive
power of the model requires further testing in
larger and more diverse populations. In con-
trast with earlier studies, Feng et al. [29] con-
structed an osteosarcoma postoperative prog-
nosis nomogram based on the Surveillance,
Epidemiology, and End Results database with
C-index values of 0.731-0.734. Liu et al. [30]
also developed a survival nomogram for osteo-
sarcoma patients using SEER data with exter-
nal validation. Gao et al. [31] developed a pre-
diction model for survival after surgery and a
risk stratification model for osteosarcoma. Yao
et al. [32] reported nomograms for patients
with high-grade osteosarcoma in China based
on time to postoperative metastasis. Our model
drew on the experiences documented in these

Am J Cancer Res 2026;16(6):2189-2214



Time-dependent evolution and stratification of osteosarcoma recurrence risk

studies while introducing time-varying coeffi-
cients to account for changing risks over time.
Notably, the above literature predominantly
used overall survival or tumor-specific survival
as the endpoint, whereas recurrence was used
in our model. Each endpoint has its own clinical
relevance and prediction objectives.

Regarding recurrence prediction specifically,
Liu et al. [33] used CT radiomics to construct a
multicenter model predicting 1-year recurrence
risk, with a C-index reaching 0.779. Zhang et al.
[34] showed that prognostic models based on
RNA markers can predict post-recurrence sur-
vival. These studies explored recurrence pre-
diction from radiomics and molecular marker
perspectives, while our model, based on rou-
tine clinical and pathological variables, is easi-
er to apply in resource-limited clinical settings.

DCA showed that within the threshold probabil-
ity range of 0.1-0.7, our model had a positive
net benefit compared with the “treat all” and
“treat none” strategies in both the training
cohort (net benefit 0.187 at a threshold of 0.3)
and the external validation cohort (net benefit
0.227 at a threshold of 0.3) (Figures 6, 7). In
the DCA framework, “intervention” was defined
as entering intensive follow-up pathways. The
threshold probability corresponded to clinically
acceptable recurrence risk levels for triggering
intensive follow-up. It should be emphasized
that DCA reflects the net benefit of adopting
risk-adaptive follow-up strategies rather than
the efficacy of specific treatment interventions.
These results suggest that the model may
assist clinical decision-making regarding indi-
vidualized surveillance intensity.

Implications for follow-up strategies

Based on the stratification results of the risk
prediction model, we offer preliminary recom-
mendations for individualized follow-up strate-
gies. It should be noted that the current Eur-
opean Society for Medical Oncology-European
Reference Network for Rare Adult Solid Can-
cers-European Reference Network on Genetic
Tumour Risk Syndromes guidelines and Nation-
al Comprehensive Cancer Network guidelines
already provide framework recommendations
for osteosarcoma follow-up. These include reg-
ular physical examinations, imaging examina-
tions of the primary site (X-ray/CT/MRI), and
chest imaging examinations (X-ray/CT), with
allowances for adjustments based on individu-
al risk and clinical needs.
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At present, there is insufficient high-quality evi-
dence from prospective cohort studies regard-
ing the optimal monitoring frequency based on
quantified risks. According to the systematic
review by Rubio-San-Simoén et al. [18], RFl and
complete surgical resection are important fac-
tors affecting post-recurrence prognosis, sug-
gesting that early detection of recurrence and
complete resection may help improve progno-
sis. According to previous literature, risk factors
for distant metastasis include age, site, grade,
T stage, and surgical method [35]. These fac-
tors may serve as references for developing
personalized monitoring strategies. According
to our findings, we tentatively put forth the fol-
lowing recommendations for clinical reference.
Patients predicted by the model to be at high
risk, such as those with positive margins, poor
chemotherapy response, axial skeleton loca-
tion, or multiple concurrent risk factors, may be
considered for appropriately increased moni-
toring frequency during the 12-24-month post-
operative peak period for recurrence. In low-
risk patients, monitoring intervals may be
safely extended to minimize unnecessary radi-
ation exposure and medical costs.

The premise of benefit from intensive monitor-
ing strategies is that outcomes can be changed
by subsequent intervention. Examples include
resectable isolated lung metastases, patients
who are candidates for clinical trials, or lesions
that can receive local ablation. If subsequent
interventions are not effective, early detection
may not lead to survival benefit. Surveillance
guidelines need to take into consideration the
patient’s individual risk level, benefit from early
diagnosis, risk of radiation exposure, such as
whether low-dose CT may be considered, ease
of access to medical resources, patient prefer-
ence, and shared decision-making. It should
be reiterated that the these recommendations
are derived from retrospective data model pre-
dictions without prospective research verifica-
tion. To apply risk stratification strategies in
everyday clinical practice, randomized con-
trolled trials are required to compare the clini-
cal benefits and cost-effectiveness of individu-
alized versus standard follow-up.

Study limitations

This study has several limitations that need
to be acknowledged. First, as a retrospective
study, it is inherently subject to selection bias
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and information bias. Although strict inclusion
and exclusion criteria were applied, residual
confounding cannot be completely ruled out.
In particular, the variable “chemotherapy com-
pletion status” may be subject to reverse cau-
sation bias. Patients with early recurrence or
disease progression may have more difficulty
completing standard chemotherapy regimens.
To mitigate this bias, we set the determination
time point for chemotherapy completion status
at 6 months postoperatively and clearly defined
operational criteria. To avoid time bias from
recurrences occurring within 0-6 months aff-
ecting exposure assessment, we performed
a 6-month landmark analysis, including only
patients without recurrence at 6 months post-
operatively; the results were directionally con-
sistent with the main analysis. Sensitivity analy-
sis using extended Cox models with chemo-
therapy completion treated as a time-depen-
dent covariate also supported the main conclu-
sions. Second, study data came from two cen-
ters with limited geographic representation.
Treatment protocols, surgical techniques, and
follow-up standards may differ between the
two centers. Although we adjusted for center
effects in the analysis, residual heterogeneity
cannot be completely eliminated. Future res-
earch could use stratified models or random-
effects models to assess coefficient heteroge-
neity between centers or to test interactions
between centers and major risk factors. Addi-
tionally, the long follow-up time span (2010-
2019) may have seen evolution in chemothera-
py protocols and surgical concepts during this
period. Third, this study did not incorporate
molecular biology markers at the variable level.
Studies demonstrate that prognostic indices of
the tumor microenvironment predict survival in
osteosarcoma patients [36]. According to Tang
et al. [37], there are programmed cell death-
related genes that have the potential to become
prognostic indicators. According to previous lit-
erature, molecular subtypes based on protein
synthesis predict prognosis and treatment
response in osteosarcoma [38]. Integration of
these molecular markers may further improve
model predictive performance. Fourth, this
study combined local recurrence and distant
metastasis into a single endpoint, but risk fac-
tors and time distributions for the two may dif-
fer. Future research could consider separate
modeling or the use of competing risk models.
Additionally, non-tumor-related deaths as com-
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peting risks were not handled separately, which
may have some impact on recurrence risk esti-
mation, although this proportion was low in our
young patient cohort (< 5%). Fifth, regarding
missing data, this study used complete case
analysis, excluding patients with missing key
variables (~8%). If missingness was not com-
pletely random (missing not at random), com-
plete case analysis may lead to underestima-
tion or overestimation of hazard ratios. Future
research could consider using multiple imputa-
tion or other methods to handle missing data
and conduct sensitivity analyses to evaluate
the impact of missingness mechanisms. Fin-
ally, interpretation of time-dependent effects
requires caution. At 36 months, only 32% of
patients remained in the risk set. Insufficient
statistical power is an important reason for the
apparent “weakening” of later effects. In addi-
tion, the specification of the time function may
affect observed patterns. Sensitivity analyses
using alternative segmentation schemes yield-
ed similar results. Hence, in future research, it
may be worthwhile to try more flexible modeling
methods, such as spline functions, to further
verify the results.

Future research directions and conclusions

Future research should be conducted in several
directions. It is suggested that multicenter pro-
spective cohort studies be conducted to verify
model generalizability. It is also necessary to
compare the clinical benefit and cost-effective-
ness of individualized follow-up strategies ver-
sus standard protocols in randomized con-
trolled trials. In addition, molecular markers
can be integrated into prediction models. Ac-
cording to literature [28], microRNAs such as
miR-34a are related to chemotherapy resis-
tance and recurrence. Fu et al. [26] found
that the fibrinogen-to-albumin ratio can predict
prognosis in elderly osteosarcoma patients.
According to literature [39], nutritional inflam-
matory scores, such as the Glasgow Prognostic
Score and Controlling Nutritional Status, are
linked with osteosarcoma prognosis. The in-
clusion of these novel markers is expected
to improve prediction models. Future studies
should investigate the biological mechanisms
of time-dependent effects. According to litera-
ture [9], the characteristics of the osteosarco-
ma immune microenvironment impact treat-
ment response and prognosis. The latest ad-
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vances in osteosarcoma immunotherapy were
summarized by Yu et al. [40]. A thorough under-
standing of the relationships between immune
microenvironment dynamic changes and recur-
rence time distribution may provide the basis
for new treatment strategies. Finally, we pro-
pose creating clinical decision tools that are
convenient to use by making prediction models
available as web calculators or mobile apps for
clinical use.

Conclusion

To sum up, we utilized a high-grade osteosar-
coma patient cohort from two centers to iden-
tify independent risk factors for recurrence. It
appears that hazard effects of some factors
change over time. The prediction model we
established demonstrates certain discrimina-
tion and calibration through external validation,
which may provide a reference for formulat-
ing personalized follow-up plans. The first 24
months postoperatively are an important peri-
od for recurrence monitoring. High-risk patients,
when effective subsequent interventions are
available, may benefit from more intensive
monitoring. However, this strategy requires fur-
ther verification through prospective research.
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