
Predicting disease progression 
from the rate of bodyweight 
change in nasopharyngeal 
carcinoma patient during 
radiotherapy
Jiachen Sun1, Sai kit Edmond Lam6, Xinzhi Teng1, Jiang Zhang1, Francis Kar-ho Lee2,  
Celia Wai-yi Yip2, James Chung-hang Chow2, Victor Ho-fun Lee3, Ying Sun4 & Jing Cai1,5

Bodyweight loss is a common occurrence in Nasopharyngeal Carcinoma (NPC) patients during 
Radiotherapy (RT). Previous studies found that the prognostic value of percentage weight loss (pWL) 
during RT is not credible. We aimed to develop a novel progression predictor surrogated to pWL by 
modelling all bodyweight records measured during the treatment interval. This retrospective study 
included two independent hospitals of 624 patients. The Predicted Progression Probability (PPP) was 
obtained from deep learning-guided differential equation solution, model by the patient’s age, sex, 
body height, and the weekly measured bodyweight records. The performance of PPP in predicting 
disease progression was assessed, its association with prognosis and adjuvant chemotherapy response 
was evaluated. The PPP was learnt from the training cohort (N = 257) with 7 weeks of bodyweight 
records. The prediction performance was validated with 367 patients of the testing cohort sub-divided 
according to the number of bodyweight records found. The area under of curve for patients with 
7 weeks (N = 155), 6 weeks (N = 176), and 5 weeks bodyweight records (N = 32) were 0.76, 0.73, and 
0.95 respectively. PPP was significantly associated with progression-free and remained an independent 
prognostic factor adjusting for clinicopathologic variables in multivariate analysis in all study cohort 
(adjusted hazard ratio [HR] range: 2.50–7.04, all p < 0.001). Patients with high-PPP derived progression 
benefit from adjuvant chemotherapy (HR: 0.41–0.54, all p < 0.03), whereas those with low-PPP did 
not for both cohorts. The trajectory of bodyweight change during RT is more robust than the pWL to 
give a progression prediction after RT. The PPP is a reliable predictor for estimating the risk of residual 
diseases after RT course, which also helps to predict adjuvant chemotherapy response in locally 
advanced NPC patients.

Keywords  Nasopharyngeal carcinoma, Concurrent chemoradiotherapy, Adjuvant chemotherapy, Weight 
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Owing to the deep-seated anatomic location of Nasopharyngeal Carcinoma, radiotherapy (RT) has been 
the mainstay and primary curative treatment choice as compared to surgical removal1. On the same side, 
bodyweight loss (WL) was commonly found in patients during RT due to the unavoidable damage of irradiation 
at the head and neck region2–6. Therefore, monitoring the patients’ bodyweight during RT becomes a common 
practice for playing a critical role in post-RT decision-making, example of RT-replanning, nutrition support, and 
deciding adjuvant chemotherapy2,7–13. The post-RT percentage weight loss (pWL) straightforwardly quantitates 
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the toxicity on patient caused by treatment. Despite extensive research found the association between disease 
progression and pWL during RT, due to the variation of timepoint defined for pWL, results are not consistent 
enough to give a generalized prediction of patient’s prognosis11,14–21. Recent studies have also found that the 
reported pWL varied significantly by study times and region, suggesting the pWL is not a specific indicator to 
characterize a patient’s unique treatment response or predict prognostic outcomes22,23.

Radiation toxicities increase as a process during the treatment but not as an event, and so does the bodyweight 
changes. However, the pWL only characterizes the difference between initial bodyweight to a single endpoint 
bodyweight. To date, there is no study that has been working on the association between a series of bodyweight 
changes during treatment and the prognosis. It is because the patient’s bodyweight is not necessarily recorded in 
a regular manner for all patients and possibly with missing measurement during the whole treatment. Irregular-
time sampling and partially observed data posed two major challenges of analyzing the time-series bodyweight 
record.

A new family of neural networks has attracted our attention, the Neural Ordinary Differential Equation 
(Neural ODE), that provides an approximated solution of differential equations with a black-box differential 
equation solver24. In our case, the model learns to predict the patient’s ‘prognosis by his initial bodyweight 
and the trajectory of bodyweight changes based on all records during the treatment. Recently a more elegant 
approach of handling irregular sampled partially observed data is the Neural Controlled Differential Equation 
(Neural CDE). It takes a continuous time differentiable function as input, that is constructed from the irregular 
sampled time series data, allowing data to be interpolated from the sampling interval25. This ideally resolves the 
modeling challenge of bodyweight records.

Based on the observed prognostic value of the pWL in RT, we hypothesize that the patient’s prognosis can also 
be revealed by his rate of bodyweight change during RT, by considering all bodyweights measured during the 
treatment interval at once. The purpose of this study is divided into twofold: (i) develop a Predicted Progression 
Probability (PPP) from the bodyweight series, and (ii) validate its ability in predicting progression and response 
to adjuvant chemotherapy. This study aims to provide a novel, independent post-RT predictor in terms of the 
rate of bodyweight change, surrogated to the pWL which is about the amplitude of bodyweight change, for 
disease progression. On top of that, we also aim to provide decision-guiding of adjuvant chemotherapy on NPC 
patients after RT by this predictor.

Method and material
Study design and patients
This retrospective study included 624 patients with primary histologically confirmed NPC as the primary tumor 
who underwent radiotherapy from 2012 to 2018, with their last follow-up between 2014 to 2021 at Hospital 
A (N = 257) and Hospital B (N = 367). All patients are treated with Intensity-modulated radiation therapy 
(IMRT) according to their institutional practice, with detailed information provided in Supplementary Note 
1a. Demographic information, including staging, sex, age, treatment arm, pretreatment performance status 
grade (Eastern Cooperative Oncology Group [ECOG]), pretreatment Epstein-Barr virus (EBV) DNA test, body 
height, and time-series bodyweight data during RT were collected. The EBV DNA test was considered as positive 
for patient whose either blood EBV DNA load > 20 copy/ng or serum VCA-IgA titer > 1:5 otherwise negative. 
Patients coexisting with other tumors, M1 stage, and withdrawn treatment during RT were excluded from the 
study. Most patients’ bodyweight was measured in a weekly manner since the start day of RT but not all, therefore 
the number of days from RT start to measurement was also collected for each bodyweight record. The percentage 
weight loss (pWL) of patients was calculated from the last measured bodyweight during the RT period. Samples 
from Hospital A were regarded as the training cohort for fitting the prediction model and samples from Hospital 
B were regarded as testing cohort for externally validating the results. The starting time of all survival rate in this 
study was defined as the end of RT day. Progression-free Survival (PFS) was defined as the time from starting 
time to either date of disease progression or death from any cause.

Constructing progression prediction probability from time series patient’s record
Suppose the patient’s records were fully observed during the RT treatment but possibly measured at irregular 
timepoints x = ((t0x0) , (t1x1) , (t2x2) , . . . , (tnxn)), with t0 < · · · < tn and each ti ∈ R the timepoint of 
patient’s records x0 ∈ Rυ , where υ is the number of measurements on each record. In our task we had υ = 5 
corresponding to one-hot sex labels, age (year), body height (m), and bodyweight (kg) measured on each 
timepoint during RT. Let a controlled system X : [t0, tn] → Rυ+1 to be the natural cubic spine with knots at 
t0, t1, .., tn. Here the patient record x was assumed to be an observed discretization of patient’s bodyweight 
change process during RT, and X is the approximation of this underlying process with Xti = (xi, ti). Noted that 
the controlled system X is not just a bounded variation of patients’ bodyweight during RT but also differentiable, 
therefore the missing value of patients ’bodyweight can be approximated by interpolation.

Let a neural network Linputθ : Rυ+1 → Rω  that linearly projecting the input to latent state, where ω is a 
hyperparameter that describe the size of the latent state. Let a learnable function fθ : Rω → Rω×(υ+1) be any 
neural network that used to equate the changing of latent state variables from zti  to zti+1 , with the initial latent 
state zt0  calculated from the first measurements Linputθ(t0x0). Then, the final latent state can be calculated by 
integrating the initial latent state to the final latent state:

	
zt = zt0 +

t

∫
t0

fθ (zs) d Xs for t ∈ (t0, tn]
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where tn is the measurement time of the final bodyweight record. Lastly, let a sigmoid classifier 
Loutputθ : Rω → [0, 1] to be any neural network that linearly projecting the final latent state variables zn 
to the predicted progression probability (Model architecture and training specifications were provided in 
Supplementary Note 2).

Preprocessing the clinical variables
Considering only the patient’s bodyweight were changing and measured periodically during the RT, the sex, age 
and height variables of the patient remained constant. L2 normalization was first performed on these constants 
to ensure the feature robustness and then copied their values to each bodyweight measurement. For batching 
samples with different number of measurements before constructing the controlled system, the last measurement 
(tnxn) was padded forward until all samples in the same batch have the same input length.

Statistical analysis
T-test was used to compare two continuous variables and chi-square test was used to compare categorical 
variables. The classification performance of the model was indicated by the Receiver Operating Characteristics 
Curve (ROC curve) with area under the curve (AUC). The prognostic value of PPP for all patients were evaluated 
in each cohort, additionally with subgroups defined by clinicopathological factors.

Survival curves were generated by Kaplan–Meier method and compared by log-rank test. Univariate and 
multivariable analyses were performed under Cox regression. The association between the PPP and various 
clinical factors were assessed by the Cox model. A two-sided p < 0.05 was considered significant. A 95% 
confidence interval was provided with hazard ratio.

Results
Clinical characteristics
Table 1 lists the detailed characteristics of clinicopathological, bodyweight changes during RT, and progression 
event after RT of the patients in training (N = 257) and testing (N = 367) cohorts. Of the total 624 patients 
included in the study, the median (range) age was 54.0 (18–89) years with men (76.9%) as the majority. More 
than 70% of the patients had an advanced stage NPC, underwent concurrent-chemoradiotherapy (N = 545, 
87.3%). 23.3% (N = 146) of the patients received Induction chemotherapy before RT commenced, and 27.9% 
(N = 174) of the patients received adjuvant chemotherapy after RT. The time series bodyweight of patients was 
found in seven records during RT in both cohorts corresponding to each week measurement. The number of 
bodyweight record found, median bodyweight (kg) value, and the median measured time from RT start of each 
cohort are provided in Table 1. There were 2 (< 1%), 2 (< 1%), 5 (2%), and 5 (2%) missing bodyweight records 
at the 4th, 5th, 6th and 7th week measurement in training cohort. There were 2 (0.5%), 4 (1%), 36 (9.8%), and 
212 (57.8%) missing bodyweight records at the 4th, 5th, 6th and 7th week measurement in testing cohort. The 
median follow time (std.) was 30.4 (21.5) months in the training cohort and 52.7 (26.0) months in the testing 
cohort. The percentage of progression happened within 5 years were 22.2% and 30.2% in training and testing 
cohort, with a median time to event 13.7 months and 13.2 months respectively.

Development and validation the prognostic prediction probability (PPP)
The model was developed by mapping the bodyweight measured at irregular time points during RT to the 5-years 
progression event label in training cohort. 98% (N = 252) of the training samples have 7 weeks bodyweight 
records as input, with the area under ROC curve (AUC) of 0.84 (Fig. 1a). The PPP provided a robust prediction 
to either 1-, 3- or 5-years Progression, with AUC of 0.72, 0.76, 0.75 respectively in testing cohort (N = 367, 
Fig. 1a). The testing cohort was also divided into sub-cohorts according to the number of bodyweight records 
found, for evaluating the model’s ability in handling various length measurements. The AUC of testing sub-
cohort samples with 7 weeks bodyweight records (N = 155) was 0.76, 6 weeks bodyweight records (N = 176) 
was 0.73, and 5-weeks bodyweight records (N = 32) was 0.95 as shown in Fig. 1b, suggesting the robustness 
of model. Additionally, prediction performance showed similar precision in terms of local recurrence (LR), 
regional recurrence (RR), distant metastasis (DM), and RIP event in the training and testing cohort, respectively 
(ROC curves in Supplementary Fig. 3). The mean PPP of the progression occurred patients (42% and 40%) was 
significantly higher than the no progression patients (28% and 31%) for both cohorts shown in Fig. 1c and d 
(all p < 0.001). However, there was no statistically significant difference of the pWL for progression occurred 
patients (8.70% and 9.22%) and no progression patients (8.43% and 8.70%) for the training (p = 0.636) and 
testing cohort (p = 0.295) as shown in Fig. 1e and f.

Prognostic value of progression prediction probability
The cut-off of dichotomizing the high-risk groups was PPP > 31.9% according to the highest Youden Index (J 
= 0.544) in training cohort. The prognostic value of PPP was assessed according to the threshold. For the high-
risk groups, the 5-years PFS were 53.1% and 60.5% respectively in training and testing cohort; for the low-risk 
groups, the 5-years PFS were 82.5% and 97.5% respectively in training and testing cohort. Log-rank test showed 
significant difference of the progression-free rate in both training (p = 0.002) and testing cohort (p = 0.039), 
respectively in Fig. 2. Substantial log-rank tests have confirmed that significant difference could also be found in 
the local recurrence-free survival, regional recurrence-free survival, distant metastasis-free survival, and overall 
survival of patients stratified by PPP based on the same value (Survival curves in Supplementary Fig. 4).
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Training cohort Testing cohort

N Median(std/range) N Median(std/range)

Patient included 257 - 367 -

Follow-up time (month) - 30.4(21.5) - 52.7(26.0)

1 year progression 25 - 51 -

3 years progression 51 - 91 -

5 years progression 57 - 111 -

Progression time (month) - 13.7 - 13.2

1 year LR 7 - 18 -

3 years LR 20 - 27 -

5 years LR 22 - 39 -

LR Time (month) - 12.3 - 13.7

1 year RR 7 - 18 -

3 years RR 15 - 25 -

5 years RR 17 - 29 -

RR time (month) - 14.6 - 9.4

1 year DM 17 - 23 -

3 years DM 31 - 50 -

5 years DM 32 - 57 -

DM time (month) - 10.3 - 13.5

1 year RIP 11 - 9 -

3 years RIP 23 - 18 -

5 years RIP 30 - 29 -

RIP time (month) - 18.1 - 26

Male 204 - 273 -

Female 53 - 94 -

T1/T2 116 - 45 -

T3/T4 141 - 322 -

N0/N1 104 - 47 -

N2/N3 154 - 320 -

RT alone 25 - 53 -

CCRT 232 - 313 -

Induction chemo 98 - 48 -

w/o induction chemo 159 - 319 -

Adjuvant chemo 90 - 72 -

w/o adjuvant chemo 167 - 295 -

ECOG = 0 33 - 109 -

ECOG = 1 224 - 258 -

EBV DNA positive 198 - 294 -

EBV DNA negative 59 - 73 -

Age - 54(18–86) - 54(20–89)

Body height (m) - 1.66(1.38–1.89) - 1.65(1.41–1.84)

1st recorded BW (kg) 257 65.8(38.5–145.6) 367 61.7(33.4–105.1)

Time from RT start (day) - 0 - 0

2nd recorded BW (kg) 257 64.2(38.5–145.6) 367 61.7(33.4–105.1)

Time from RT start (day) - 7(3–11) - 7(2–16)

3rd recorded BW (kg) 257 64.6(37.8–145.3) 367 61.0(35.5–105.5)

Time from RT start (day) - 14(10–18) - 14(7–23)

4th recorded BW (kg) 255 63.6(37.3–145.2) 365 60.0(34.1–103.6)

Time from RT start (day) - 21(17–28) - 21(11–29)

5th recorded BW (kg) 255 61.6(36.5–145.3) 363 58.5(33–100.3)

Time from RT start (day) - 28(24–31) - 28(21–36)

6th recorded BW (kg) 252 61.0(35.2–143.7) 331 57.8(32.1–98.0)

Time from RT start (day) - 35(31–42) - 35(27–45)

7th recorded BW (kg) 252 60.3(35.4–142.8) 155 56.0(31–95.8)

Time from RT start (day) - 42(37–51) - 42(35–50)

Table 1.  Survival and clinicopathological characteristics of study cohort.
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Univariable and multivariable cox analysis
Univariable Cox regression analysis of the PPP and common clinical risk factors were shown in Table 2. PPP 
stratification was a significant risk factor for 5-year progression in both training (p < 0.001, HR = 7.32[3.87–
13.86]) and testing cohort (p < 0.001, HR = 2.66[1.72–4.11]). In the training cohort, age > 65 (p = 0.038, HR = 
1.89[1.03–3.47]), Advanced T stage (p = 0.027, HR = 1.89[1.03–3.47]), and performed induction chemotherapy 

Fig. 1.  The Receiver-operating characteristic (ROC) curves of the PPP in predicting disease progression in 
the training (A) and testing (B) cohort. The distribution of PPP in the training (C) and testing (D) cohort. The 
distribution of pWL in the training (E) and testing (F) cohort, with p-value of the T-test indicated.
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(p < 0.001, 3.07[1.81–5.21]) was significantly associated with disease progression. In the testing cohort, 
advanced T stage (p = 0.023, HR = 2.44[1.13–5.24]) and post-RT pWL > 10% (p = 0.044, HR = 1.46[1.01–2.14]) 
was significantly associated with progression. Multivariable cox regression analysis was performed on the PPP 
adjusting for clinicopathological variables shown in Table 3. The PPP remained a powerful prognostic factor 
for predicting the 5-years PFS in training (p < 0.001, HR = 7.82[3.66–16.71]) and testing (p < 0.001, HR = 
3.32[1.46–7.58]) cohort. Additional Cox analysis found that the progression rate was significantly higher in male 
than female in the high-risk PPP group, with hazard ratio of 2.55 (95%CI = 1.08–6.07, p = 0.027) observed in the 
training cohort and 1.86 (95%CI = 1.10–3.14, p = 0.018) observed in the testing cohort. However, the statistical 
significance cannot be observed in the low-risk PPP group according to sex (Fig. 3a). Similar results could also 
be observed with patient who underwent induction chemotherapy before RT, which significantly tended to have 
a worse prognosis than patients who did not underwent induction chemotherapy, suggesting the independent 
prognostic value of PPP (Fig. 3b). On the other hand, the post-RT pWL was only marginally significant to PFS 
in training cohort (p = 0.072, HR = 0.59[0.33–1.04]) and not significant in testing cohort (p = 0.278) under 
multivariable Cox regression. The partial effects of the covariates PPP and pWL inside the multivariable Cox 
model (Table 3) were demonstrated respectively Supplementary Plots 5, PPP is more indicative for stratifying 
progression risk.

Univariable cox

Training cohort Testing cohort

p-value HR (95% CI) p-value HR (95% CI)

Male vs. Female 0.503 0.085

Age > 65 vs. Age < 65 0.038 1.89(1.03–3.47) 0.528

T3/T4 vs. T1/T2 0.027 1.87(1.07–3.28) 0.023 2.44(1.13–5.24)

N2/N3 vs. N0/N1  < 0.001 3.04(1.57–5.88) 0.918

RT alone vs. CCRT 0.186 0.751

Induction Chemo (IC) before RT vs. w/o IC  < 0.001 3.07(1.81–5.21) 0.065

Adjuvant Chemo (AC) after RT vs. w/o AC 0.150 0.359

BMI > 25 vs. BMI < 25 0.936 0.540

ECOG = 1 vs. ECOG = 0 0.062 3.84(0.92–15.94) 0.519

EBV DNA Positive vs. EBV DNA Negative 0.276 0.606

PPP > 0.319 vs. PPP < 0.319  < 0.001 7.32(3.87–13.86)  < 0.001 2.66(1.72–4.11)

Post-RT pWL > 5% vs. post-RT pWL < 5% 0.232 0.440

Post-RT pWL > 10% vs. post-RT pWL < 
10% 0.962 0.044 1.46(1.01–2.14)

Table 2.  Univariable Cox regression of study cohorts. Significant values are in [bold].

 

Fig. 2.  Progression-free survival curves of patient groups dichotomized according to the PPP, respectively in 
the training and testing cohort.
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Predictive value of PPP for adjuvant chemotherapy response
It was found that adjuvant chemotherapy was associated with an improved prognosis for high-risk PPP group, 
shown in Fig. 3c, with hazard ratio of 0.41 (95%CI = 0.21–0.78, p = 0.005) found in the training cohort and 
0.54 (95%CI = 0.30–0.95, p = 0.030) in the testing cohort. However, the adjuvant chemotherapy did not provide 

Fig. 3.  Relationship of patient’s progression-free survival between the PPP and (A) sex, (B) induction 
chemotherapy before RT, and (C) adjuvant chemotherapy after RT, respectively in the training and testing 
cohort.

 

Multivariable cox

Training cohort Testing cohort

p-value HR (95% CI) p-value HR (95% CI)

Age > 65 0.051 2.05(1.00–4.20) 0.978 -

T3/T4 0.884 - 0.093 -

N2/N3 0.040 2.45(1.04–5.72) 0.167

Induction chemo before RT 0.001 3.50(1.63–7.52) 0.048 1.66(1.01–2.82)

ECOG = 1 0.063 3.93(0.93–16.63) 0.596 -

EBV DNA positive 0.029 2.72(1.11–6.69) 0.611 -

PPP > 0.319  < 0.001 7.82(3.66–16.71)  < 0.001 3.32(1.46–7.58)

post-RT pWL > 10% 0.082 1.03(0.33–1.07) 0.278

Table 3.  Multivariable Cox regression of study cohorts. Significant values are in [bold].
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significant prognosis benefit in the low-risk PPP group according to Cox model, for both training (HR = 
0.79[0.25–2.53], p = 0.451) and testing cohort (HR = 1.39[0.59–3.28], p = 0.690), respectively.

Additional analysis on the rate of bodyweight changes over time
To have a more intuitive understanding of the association between bodyweight dynamics and progression, the 
rate of bodyweight changes over time (kg/day) within every bodyweight measurement interval of the progression 
and no progression patients was plotted in Fig. 4. Patients with progression and patients without progression 
had experienced similar weight loss rate during the first interval (week 1 to 2) and last two intervals (week 5 to 6, 
week 6 to 7). However, for patients with progression, they tended to have a significantly higher weight loss rate 
than the non-progressed patient (more negative) during week 2 to 3 (-0.096 vs -0.059, p = 0.011) and week 3 to 4 
(-0.157 vs -0.129, p = 0.041). We also observed that the PPP was significantly, positively correlated with a higher 
weight loss rate from week 1 to week4, but negatively correlated with a higher weight loss rate from week 5 to 
week 7 (A detailed description table of this weight loss rate was provided in Supplementary Table 6).

Discussion
Due to the induced radiation toxicity on upper gastrointestinal tract, a significant pWL after RT is not only 
common for NPC patients but generally to all head-and-neck (HNC) and lung cancer patients4,17,26,27. Currently, 
there is limited knowledge about the dynamics changes of bodyweight during RT16. To our best knowledge, 
we performed the first-of-its-kind study that utilized a series of bodyweight records during RT to estimate 
the progression probability, and validated the generalizability of this novel predictor to various survival 
outcomes in an external cohort. Further analysis confirmed the prognostic value of PPP was independent from 
common clinicopathological factors. More importantly, we found that the PPP could also predict the adjuvant 
chemotherapy response for all patients in our study cohorts.

Percentage weight loss (pWL) indicates the amplitude of weight loss during RT, is a well-known negative 
prognostic factor to NPC patients, but might not be specific enough to give an event prediction. Li et al.’s work is 
the only study we found, that utilized patient’s post-RT pWL to give a mortality prediction, with pWL cut-off at 
5.4% yielded a prediction AUC of 0.623 from a cohort of 322 NPC patients28. The pre-treatment BMI is another 

Fig. 4.  Line plots of the rate of patient’s bodyweight change (kg/day) of every bodyweight measurement 
interval during the RT course. Most patients experienced weight loss during RT (negative value), with orange 
line reflected the weight loss rates of patient without progression, and blue line reflected the weight loss rates 
of patient with progression, respectively. A p-value of T-test was provided for comparing the distribution of 
weight loss rate in each interval.
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prognostic indicator focused by previous studies, with most studies found that the higher BMI was associated 
with longer survival in NPC patients29–32. However, such pattern has also been frequently observed in other 
cancer prognosis study, known as the ‘BMI paradox’33. Recent studies had claimed that the BMI is not a creditable 
predictor in cancer prognosis as it neither distinguish muscle from adipose tissue, nor describe adipose tissue 
distribution34. Low muscle mass is known to be strongly associated with higher risk of recurrence, treatment-
related toxicities, and cancer-specific mortality. As a result, patient with who are overweight have on average 
higher levels of muscle than their normal-weight counterparts were often found to have better prognosis35. This 
idea was further supported by He et al. study, which found that the visceral adipose tissue (VAT) was the only 
independent prognostic body composition factor in locally advanced NPC comparing with BMI, subcutaneous, 
or intra muscular adipose tissue36. However, these body compositional parameters are less frequently and 
more complicated to be periodically measured comparing to patient’s bodyweight. Therefore, considering the 
continuous changes of patient’s body condition during the treatment in this study, the vulnerability of a patient 
to disease progression can be more reasonably characterized by the rate of bodyweight changes. Here the model 
treats this prediction task as an initial value problem, that firstly estimated a progression rate based on patient’s 
initial body records, and further adjust the progression rate based on the change of body record during RT. Despite 
we did not observe a significant association between pWL and progression outcome (Fig. 1e and f), the rate of 
bodyweight change indicated by PPP could successfully predict to each progression event and outperformed 
the previous mortality prediction (Results in Supplementary Fig. 3). In contrast to the pWL defined on a single 
endpoint day, we incorporated multiple timepoints data to form a continuous rough path, this not only provide 
richer information for model to learn, the continuously defined dynamics can also naturally incorporate data 
arrived at any arbitrary times for the ease of validation and implementation on individual patient.

We must notice that the PPP was a projection score not directly from the patient’s bodyweight records, but 
from the high dimensional latent space manipulated from the patient’s bodyweight records. Although it is hard 
to directly visualize the association between the bodyweight dynamics and progression risk in terms of PPP, 
more intuitive ideas can be found when surrogating the PPP with bodyweight loss rate, that is the value of the 
negative slope of patient’s bodyweight change over time. Interestingly, for the patients with progression, they 
tended to experience a significantly higher weight loss rate than those who had no progression during the second 
week to fourth week of RT course (Fig. 4). This phenomenon could be elucidated by previous explanations about 
the association of weight loss and poor prognosis. Weight loss is a common tool to determine the development 
of malnutrition, which would weaken several human defense mechanisms thus promoting susceptibility to 
infection and compromising the response to malignancy15–18. Therefore, an early detection of high weight loss 
rate may indicate a more vigorous systemic inflammatory happened inside body, that this induced physiologic 
alternation was found to facilitate tumor development, invasion, and metastasis37,38. Here, we would like to 
highlight the rate of bodyweight changes during RT might be more indicative (Supplementary Plots 5) and 
informative for evaluating a patient’s prognosis, compared with the amplitude of bodyweight change during RT 
(pWL).

Another hypothetical explanation of the correlation between PPP and disease progression is tackled from 
the physiological changes of NPC during relapse. Recurrent NPC is defined as tumor relapse after achieving 
complete remission with RT, and further invade locally, regionally, and systemically39. NPC is an exquisitely 
radio-sensitive tumor, that the radio-resistance development of NPC during radiation course was identified 
as the main culprit of tumor recurrence40. Specifically, the epithelial-to-mesenchymal transition (EMT) 
process of tumor cell was proved to be strongly associated with the radio-resistance development and disease 
progression of NPC41. During EMT, tumor cell will switch its metabolic pathway from mitochondrial oxidative 
phosphorylation to cytosolic glycolysis, consuming tremendous amount of energy to support growth and 
creating immunosuppressive tumor microenvironment to evade immunity42,43. The EMT process was also 
known as the fundamental of NPC metastasis and responsible for the poor response to monoclonal antibodies 
used in chemotherapy44. Therefore, it is reasonable to hypothesize that the body immune system is keep acting 
against the radio-resistance development of tumor cell during RT, to prevent energy reserves consumed for 
tumor growth. Patient who failed to counteract against the systemic burden created by tumor EMT would 
experience a higher degree and rate of bodyweight loss during RT. This hypothesis could explain our observation 
that patient who had disease progression were experienced a higher bodyweight loss rate during week 2–4 than 
patient without disease progression. The rate (acceleration/deceleration) of body compositional changes during 
treatment might be worth to be investigated with the prognosis of NPC patients.

The additional courses of adjuvant cisplatin-fluorouracil (PF) aim to prevent disease recurrence by 
eradicating microscopic cancer cells. However, patients usually exhibit poor nutritional status by the end of 
RT course, managing toxicities associated with this regimen is challenging45. Therefore, the efficacy of the 
adjuvant chemotherapy (AC) remained controversial for its benefit in controlling locally advanced NPC46–48. 
The benefit of AC was suggested to be proportional to the risk of residual disease persisting after definitive 
treatment, supported by retrospective reports in which patients with N3 stage were often found to be beneficial 
from AC, but not in other N stages47,49. Here the PPP may be more valuable than N stage as a stratification factor 
for determining AC regimen, considering its predictive ability to all survival outcomes is came from the post-
RT evaluation of patient’s bodyweight. Additionally, the significant survival benefits of AC regimen compared 
to non-AC regimen found in the high-PPP patients but not the low-PPP patients could be explained by the 
correlation between rate of bodyweight changes over time and the PPP values (Supplementary Table 6). Under 
Pearson correlation test, the PPP was found to be positively correlated with the weight loss rate at the first four 
weeks during the RT course, while it was negatively correlated with the weight loss rate at the last two weeks 
before RT end. That is, patients with mild bodyweight loss rate at the end of RT are more likely to be classified 
as high-PPP (PPP > 0.316) compared to patients with high bodyweight loss rate at the end of RT. Thus, these 
high-PPP patients tend to have a better body condition to overcome the additional compliances caused by AC, 
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whereas low-PPP patients do not, as they experienced a higher magnitude of weight loss rate at the end of 
treatment than the first few weeks of RT course.

The main limitation of this study is the retrospective nature, that we could only consider the bodyweight changes 
during the radiation course from the available data. Indeed, there are many useful biomarkers that characterize 
the patient’s condition and are continuously monitored during RT, examples of Epstein-Barr Virus (EBV) level, 
liver-renal functions, and various blood profiles. The model can process these irregular-time measured variables, 
possibly allowing a more generalized prediction performance. We address this by using an independent cohort 
with larger sample size to validate the prediction reproducibility. The demographic bias of two study cohorts 
also posed limitation onto this study. Patient underwent either RT-alone, CCRT, with or without neoadjuvant 
chemotherapy were considered as a single cohort for modelling and analysis. Chemotherapy is known to add 
extra systemic burden on patient during or before the radiation course. Common acute complications including 
nausea, vomiting, and sore mouth will further dampen the patient’s swallowing ability, that susceptibly lead to 
higher weight loss. The extra toxicities of chemotherapeutic agent are not considered in this study. On top of 
that, all patients included from two hospitals were southern Chinese. Dietary habits, cultural, and psychological 
factors varied regionally and ethnically, which would affect the degree of patient’s weight loss and the willingness 
of eating during RT. The prediction reliability of model may be reduced if abovementioned factors of testing 
samples were significantly different from the study’s sample. Another limitation is the selection bias of clinicians, 
that the decision about AC was not randomized in this study. Although we observed the predictive ability of PPP 
in adjuvant chemotherapy response from two cohorts, further confirmation should be assessed in prospective, 
randomized clinical trials in diverse populations.

Conclusion
In conclusion, we utilized a new deep learning model architecture and demonstrated its ability in modeling time-
series bodyweight records to predict progression. The predictive and prognostic ability of the rate of bodyweight 
change during RT is prominent, and outperformed the amplitude of bodyweight change (pWL). Apart from 
bodyweight, many of the clinical variables are also intrinsically changing in dynamics and being recorded as 
series. We would like to highlight the temporality of these clinical data may potentially provide a more precise 
and generable association to the study endpoint.

Data availability
Research data and code are stored in an institutional repository and will be shared upon request to the corre-
sponding author.
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