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Background: We aim to develop a prognostic model for patients undergoing palliative radiotherapy (RT),
and to compare its performance with alternative prognostic models.

Methods: A total of 288 patients were prospectively recruited and randomly split into a 60% training
cohort and a 40% testing cohort for model development and validation. Prognosticators were identified via
Cox regression analyses. Additional parametric survival models with the identified prognosticators included
as covariates were fitted. Model fit and discrimination ability of various fitted models were compared to
identify the best model. Patients were grouped according to the number of prognostic factors of the NRF
model and TEACHH model for comparison.

Results: In the training cohort, neutrophil-lymphocyte ratio (NLR) >6, inpatient status at start of RT,
prior chemotherapy within 3 months of starting RT, and Palliative Performance Scale score <50% were
independently and adversely associated with OS. Amongst the various models considered, the log-logistic
accelerated failure time (AFT) model had the best performance [log-logistic AFT: explained variation R’
(R-square) =0.314, Royston and Sauerbrei’s D-statistics (D-stats) =1.956, Harrell’s concordance index (c-index)
=0.686; Cox: R-square =0.242, D-stats =1.158, c-index =0.688; Weibull AFT: R-square =0.334, D-stats
=1.450, c-index =0.688; flexible Royston-Parmar PO(3): R-square =0.293, D-stats =1.863, c-index =0.685].
This model also achieved good calibration and discrimination (D-stats =1.812, c-index =0.683) in the testing
cohort, and performed better than the NRF model (D-stats =0.510, c-index =0.567) and the TEACHH
model (D-stats =0.656, c-index =0.580).

Conclusions: We developed a prognostic model for Asian patients undergoing palliative RT which had
better performance than the NRF and TEACHH models. Further work to externally validate this model are

required.
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Introduction

Oncologists often have difficulty identifying the terminal
period of cancer where treatment cannot realistically
prolong survival. This in turn affects prognostication of
these patients (1-4). Accurate prognostication is, however,
crucial in deciding whether or not to offer any intervention
versus best supportive care.

Radiotherapy (RT) is effective in treating patients
suffering from symptoms due to a local tumour. Its
effectiveness is, however, limited in situations where death is
imminent, when multiple competing symptoms are unable
to be relieved by RT, or when the treatment course is long
(5,6). It is essential that good prognostication tools are
available to the treating radiation oncologist for appropriate
and timely allocation of resources.

Clinical reviews on prognostication models suggest
that good models encompass both clinical and laboratory
variables (7-9). Two of the better-known models in the
palliative RT setting—the number of risk factors (NRF) and
TEACHH models—include only clinical variables. Chow
et al. developed the NRF prognostic model looking at
Karnofsky Performance Status (KPS), site of disease and site
of metastases to describe the functional status and disease
burden of a patient (10). The TEACHH model developed
by Krishnan er al. stratified patients into three prognostic
groups based on cancer type, Eastern Cooperative
Oncology Group (ECOG) performance status, age, prior
palliative chemotherapy, prior hospitalisation and hepatic
metastases (11). Both models have been externally validated
in several studies, and have shown to be effective tools in
the Caucasian population (10,12-14). Currently, data on
the performance of these models in Asian populations is
limited.

Since the development of these two models, new prognostic
factors have been identified for advanced cancer padents such
as the Palliative Performance Scale (PPS), Glasgow Predictive
Score and the neutrophil-lymphocyte ratio (NLR) (15-18).
The usefulness of these new factors for the prognostication of
patients undergoing palliative RT is unknown.

This study aims to create and validate a new prognostic
model for Asian patients receiving palliative RT, validate
the NRF and TEACHH model in Asian patients, and
compare the performance of the new prognostic model
with the NRF and the TEACHH model. As part of model
development, the prognostic value of PPS and NLR will
be assessed. We present the following article in accordance

with the TRIPOD reporting checklist (available at http://
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dx.doi.org/10.21037/tro-20-59).

Methods
Patient recruitment

The study was conducted in accordance with the
Declaration of Helsinki (as revised in 2013). The study was
approved by Singhealth Institutional Review Board with
waiver of consent (No. 2013/530/B). We prospectively
recruited patients treated with external beam RT with
palliative intent at the National Cancer Centre Singapore
(NCCS) from July 2013 to January 2014. Patients who did
not have the capacity to answer questions coherently and
not represented by primary caregivers were excluded from
the study.

Study assessments

Clinical data were extracted from patient’s clinical notes and
electronic medical records. Where available, latest routine
haematology and biochemistry tests taken in the month
prior to the start of RT were recorded.

Patients were assessed on the PPS by trained radiation
therapists (RTTs) during the pre-RT briefing. RTTs
involved in the measurement of the PPS received training
on the job by the principal investigator to assess the score.
RTTs provided unbiased PPS assessments as they do
not have to evaluate the patient’s functional status or be
cognizant of their treatment history and extent of disease
during routine work. Each patient was assessed once by a
RTT due to practical reasons and the high inter-observer
reliability of PPS (19).

RT treatment and follow up

Patients received RT as prescribed by their respective
oncologist, independent of their assessed PPS status.
Patients were followed up about 4-6 weeks post completion
of RT and subsequently every 3—6 months at the discretion
of the treating oncologist. All recruited patients were
followed until 2 November 2017 or death.

Statistical methods

Formal sample size calculations were not performed as
there was no generally accepted approaches to determine an
adequate sample size for developing a prognostic model. To
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ensure that there would be a reasonable number of deaths
for identification of risk factors during model development
and around 100 deaths for model validation, recruited
patients were followed up until at least 250 deaths were
observed before analysis was conducted.

Patients with an uniform random number <0.6 were
assigned into a 60% training cohort and those with a
corresponding number >0.6 were assigned into a 40% testing
cohort for model development and validation, respectively.
Differences of continuous and categorical characteristics
between the two cohorts were compared using Mann
Whitney U test and Fisher’s Exact test, respectively.

Overall survival (OS) was defined as the time from start
of RT to date of death from any cause. OS distribution
was estimated using the Kaplan-Meier method, and
differences between OS curves were compared using the
log-rank test. Univariate Cox proportional hazard (PH)
regression analyses were used to assess the association of
various variables with OS via hazard ratio (HR). Derived
continuous variables, such as NLR and platelet-lymphocyte
ratio (PLR), were categorised based on the minimum P
value method (20). The ordinal PPS was analysed based
on 10-50% wvs. 60-100% grouping; this categorisation was
chosen because it provided the largest discrimination in OS
and a sufficiently large number of patients in each group.
Prognostic factors were identified using multivariable Cox
regression by applying backward elimination method on
variables with univariate P<0.05. The PH assumption was
verified based on Schoenfeld residuals.

Parametric survival models were fitted to the training cohort
with the identified prognostic factors included as covariates to
see if the survival predictions from these models were better
than those based on the Cox model. Three parametric survival
models were assessed—Weibull accelerated failure time (AFT)
model, log-logistic AFT model and flexible Royston-Parmar
(RP) model (21). The choice of scale (proportional hazards,
proportional odds or probit) to model the baseline function
and the number of knots to characterise the restricted cubic
spline function for the optimal RP model were selected based
on the minimum Akaike Information Criterion and Bayesian
Information Criterion. For our data, the optimal RP model
was the PO(3) model in which a restricted cubic spline with
two knots was used to model the logarithm of the baseline
cumulative odds function.

Model fit was assessed based on the exponential QQ
plot of Cox-Snell residuals and explained variation R’
(R-square) (22). Model discrimination was assessed based
on the Royston and Sauerbrei’s D statistics (D-stats) and
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the Harrell’s concordance index for censored data (c-index)
(23,24). Model calibration was assessed graphically by
comparing the models’ predicted survival estimates against
the empirical Kaplan-Meier estimates.

The NRF and TEACHH models were validated based on
patients with non-missing data for all the prognostic factors
included in each model. The total number of risk factors
possessed by each patient under each model was calculated.
Approximations were made for three risk factors based on the
data collected in this study: (I) KPS <60 in the NRF model
was approximated by ECOG performance status >2 following
the conversion rules used in Chow’s paper (25); (II) >2 prior
palliative chemotherapy lines in the TEACHH model was
approximated by chemotherapy within 3 months prior to
start of RT; and (III) prior hospitalisation in the TEACHH
model was approximated by inpatient at start of RT. Patients
were stratified into 3 prognostic groups under each model
viz. Chow (0-1, 2 and 3 risk factors) and TEACHH (0-1, 2-4
and 5-6 risk factors).

Complete-case analyses were performed in this study. All
reported P values were 2-sided and statistically significant

if P<0.05. All analyses were performed using Stata version
14.2 (StataCorp, College Station, TX, USA).

Results
Clinical characteristics and survival outcomes

A total of 288 patients were recruited in this study; 175
were randomly assigned to the training cohort and 113 to
the testing cohort. In the training cohort, median OS was
5.2 months (95% CI, 3.4-7.7 months) and 3-month OS was
62.2%. For the testing cohort, median OS was 6 months
(95% CI, 4.0-8.0 months) and 3-month OS was 66.9%. At
the data cut-off in November 2017, 36 patients were alive,
of which 16 (8 from each cohort) had survived >2 years.
Clinical and treatment characteristics of patients were
similar between the two cohorts (Tiable I).

Prognostic factors and NCCS prognostic model

Univariate Cox regression analyses revealed that non-
breast cancer, metastases other than bones, low albumin,
low haemoglobin, NLR >6, high PLR, inpatient at start of
RT, PPS score <50% and chemotherapy within 3 months
prior to start of RT were adversely associated with OS
(Tuble 2). On multivariable analysis, NLR >6 (P=0.001),
inpatient at start of RT (P=0.05), PPS score <50% (P<0.001)
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Table 1 Clinical characteristics and treatment outcomes of patients in training and testing cohort

Characteristics Training (n=175) Testing (n=113) P
Age at start of RT, years 61 (25 to 90) 63 (24 to 87) 0.378
Gender
Male 90 (51.4) 49 (43.4) 0.187
Female 85 (48.6) 64 (56.6)

ECOG performance status

0-1 82 (46.9) 48 (42.5) 0.473
2-4 44 (25.1) 36 (31.9)
Missing 49 (28.0) 29 (25.7)

Primary tumour site

Lung 59 (33.7) 37 (32.7) 0.314
Breast 29 (16.6) 29 (25.7)

Colorectal 12 (6.9) 4 (3.5)

Kidney 7 (4.0) 5 (4.4)

Prostate 7 (4.0) 54.4)

Head and neck 5(2.9) 5(4.4)

Lymphoma 4(2.3) 5(4.4)

Others 52 (29.7) 23 (20.4)

Site of metastases

In bone 102 (58.3) 66 (58.4) 1.000

In brain 61 (34.9) 35(31.0) 0.524

In liver 31(17.7) 25 (22.1) 0.364
Albumin, g/L* 36 (19 to 47) 37 (22 to 48) 0.501
Haemoglobin, g/dL* 11.2 (4.3 t0 21.6) 11.8 (5.4 t0 15.2) 0.150
NLR

<6 82 (46.9) 66 (58.4) 0.112

>6 73 (41.7) 34 (30.1)

Missing 20 (11.4) 13 (11.5)
PLR

<250 76 (43.4) 60 (53.1) 0.408

250-<500 55 (31.4) 28 (24.8)

=500 24 (13.7) 12 (10.6)

Missing 20 (11.4) 13 (11.5)

Inpatient at start of RT
Yes 57 (32.6) 33(29.2) 0.603
No 118 (67.4) 80 (70.8)

Table 1 (continued)
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Table 1 (continued)
Characteristics Training (n=175) Testing (n=113) P
PPS score
10-50% 36 (20.6) 21 (18.6) 0.763
60-100% 139 (79.4) 92 (81.4)
Duration from diagnosis till start of RT, months 13.0 (0.2 t0 211.6) 13.1 (0.2 to 333.3) 0.923
Chemotherapy (3/12 pre-palliative RT)
Yes 39 (22.3) 28 (24.8) 0.669
No 136 (77.7) 85 (75.2)
RT (3/12 pre-palliative RT)
Yes 20 (11.4) 14 (12.4) 0.853
No 155 (88.6) 99 (87.6)
RT dose regimen
Low dose 9(5.1) 8(7.1) 0.699
Intermediate dose 156 (89.1) 97 (85.8)
High dose 10 (5.7) 8(7.1)
RT duration, days 12 (1 to 41) 11 (1 to 43) 0.592
Completed RT
Yes 157 (89.7) 106 (93.8) 0.286
No 18 (10.3) 7 (6.2)
Among dead patients: 153 99
Duration from start of RT till death, days 119 (4 to 1,480) 147 (7 to 1,298) 0.401
Remaining time' spent on RT 8.1 (0.2 t092.9) 6.8 (0.5 to0 70.6) 0.301
0-25% 123 (80.4) 86 (86.9) 0.258
>25-50% 16 (10.5) 10 (10.1)
>50-75% 10 (6.5) 3(3.0)
>75-100% 4 (2.6) 0()

Values are number (percentage) or median (range). *, among non-missing values; ', refer to duration from start of RT till death. RT,
radiotherapy; ECOG, Eastern Cooperative Oncology Group; NLR, neutrophil-lymphocyte ratio; PLR, platelet-lymphocyte ratio; PPS,

palliative performance scale.

and chemotherapy within 3 months prior to start of RT
(P=0.001) remained statistically significant, and were
selected as independent prognostic factors.

NLR failed PH assumption, and the fit and discrimination
ability of the Cox model were poor (Figure 14). Among the
parametric survival models assessed, the log-logistic AFT
model had better model fit and discrimination than the
Weibull AFT and RP PO(3) model (Figure 1B,C,D). The
log-logistic AF'T model was chosen as the NCCS prognostic

© Therapeutic Radiology and Oncology. All rights reserved.

model, and survival of a patient at month t was estimated

as S(t)= , where p=1.33 was the shape parameter

B
1+ L
o

of the log-logistic distribution, a = exp(2.60 - 0.75I\1gs6
- 0.75Inparment = 0.73Lopior cremo — 1.141pps<sos,) was the scale
parameter, and I, was an indicator variable for factor x. Based

on this model, the estimated survival of patients with NLR
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Table 2 Training cohort: prognostic factors of overall survival using Cox regression analyses

Univariate analysis

Multivariable analysis

Variable (reference category)

E/N HR (95% Cl) P HR (95% Cl) P

Age at start of RT (per year increase) 153/175 1.01 (0.99-1.02) 0.256 Not included
Female (vs. male) 72/85 (vs. 81/90) 0.83 (0.60-1.14) 0.236 Not included
ECOG 24 (vs. 0-1) 37/44 (vs. 76/82) 1.04 (0.70-1.55) 0.837 Not included
Non-breast primary tumour (vs. breast) 131/146 (vs. 22/29) 1.63 (1.03-2.59) 0.034 Dropped
Other sites of metastases (vs. bone only)  124/140 (vs. 29/35) 1.72 (1.14-2.60) 0.008 Dropped
Albumin, g/L (per unit increase) 104/116 0.95 (0.91-0.98)* 0.002 Dropped
Haemoglobin, g/dL (per unit increase) 139/155 0.89 (0.82-0.97)* 0.007 Dropped
NLR =6 (vs. <6) 67/73 (vs. 72/82) 1.78 (1.27-2.49) 0.001 1.79 (1.27-2.52)* 0.001
PLR >250-<500 (vs. <250) 48/55 (vs. 68/76) 1.28 (0.89-1.86)"

<0.001 Dropped
PLR =500 (vs. <250) 23/24 (vs. 68/76) 3.07 (1.87-5.02)
Inpatient at start of RT (vs. no) 52/57 (vs. 101/118) 2.00 (1.42-2.80) <0.001 1.47 (0.99-2.17) 0.05
PPS score 10-50% (vs. 60-100%) 32/36 (vs. 121/139) 2.81(1.88-4.19) <0.001 2.89 (1.79-4.66) <0.001
?nifttri]oi::rz:ss;agnogs tll start of RT (per 153/175 1.00 (1.00-1.00) 0.892 Not included
Chemotherapy pre-palliative RT (vs. no) 36/39 (vs. 117/136) 1.72 (1.17-2.53) 0.005 1.94 (1.29-2.91) 0.001
RT pre-palliative RT (vs. no) 20/20 (vs. 133/155) 1.37 (0.85-2.19) 0.189 Not included

*, proportional hazard assumption violated. RT, radiotherapy; ECOG, Eastern Cooperative Oncology Group; NLR, neutrophil-lymphocyte
ratio; PLR, platelet-lymphocyte ratio; PPS, palliative performance scale; E, number of deaths; N, number of patients; HR, hazard ratio; Cl,

confidence interval.

>6 was about half of that of patients with NLR <6 [accelerated
factor (AF) 0.47; 95% CI, 0.30-0.74]. The AF was 0.47 (95%
CI, 0.28-0.78) for inpatient at start of RT, 0.32 (95% CI,
0.19-0.55) for PPS score <50%, and 0.48 (95% ClI, 0.30-0.78)
for chemotherapy prior to start of RT.

To validate the NCCS prognostic model, patients were
stratified into a low risk group (0 risk factor), a moderate
risk group (1-2 factors) and a high-risk group (3—4 factors).
Population averaged survival predictions for each risk
group derived based on the prognostic model were close to
their corresponding empirical Kaplan-Meier estimates in
the training cohort (Figure 24). The model achieved good
calibration and discrimination based on the testing cohort

(Figure 2B).
Validation of NRF model and TEACHH model and

comparison with NCCS prognostic model
Based on NRF model, 20% of patients in our study had

© Therapeutic Radiology and Oncology. All rights reserved.

0-1 risk factors (median OS 8 months; 95% CI, 3.2-
16.7 months), 58% had 2 risk factors (6.6 months; 95% CI,
4.0-8.7 months), and 22% had 3 risk factors (2.8 months;
95% CI, 1.4-3.6 months) (Figure 34). The NRF model
was unable to separate the NCCS patients into distinct
prognostic groups, with the OS curves of the 0-1 and 2 risk
factors groups intertwined for the first 6 months after start
of RT. Model discrimination was poor with D-stats =0.510
and c-index =0.567.

Based on the TEACHH model, 17% of patients had 0-
1 risk factor (15.4 months; 95% CI, 8.0-20.2 months), 79%
had 2-4 risk factors (3.5 months; 95% CI, 3.0-5.2 months),
and 4% had 5-6 risk factors (0.6 months; 95% CI, 0.2 to
undefined) (Figure 3B). Compared with the NRF model, the
TEACHH model achieved a greater degree of discrimination
(D-stats =0.656 and c-index =0.580).

The discrimination ability of the NCCS prognostic
model was highest with D-stats at 1.020 and c-index at 0.657
(Figure 3C). Median OS (95% CI) was 13.5 months (10.6-

Ther Radiol Oncol 2021;5:6 | http://dx.doi.org/10.21037/tro-20-59
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Figure 1 Training cohort: diagnostic checks and discrimination ability of various models fitted with prognostic factors of overall survival.
(A) Cox PH model; (B) Weibull AFT model; (C) log-logistic AFT model; (D) Royston-Parmar PO(3) spline model. Each plot depicts the
exponential QQ plot of Cox-snell residuals of the fitted model; the closer the residuals to the 45° line, the better the fit of the model.

17.4 months) for patients with no risk factors, 4.4 months
(3.2-6.5 months) for 1-2 risk factors, and 1.3 months (0.7—
1.6 months) for 3—4 risk factors.

Discussion
Development of the NCCS prognostic model

This study is the first to create a prognostic tool via
parametric survival modelling for Asian patients undergoing
palliative RT. A log-logistic AFT model with 4 adverse
factors (PPS score <50%, NLR >6, inpatient at start of RT,
and chemotherapy within 3 months prior to start of RT)
predicted survival most accurately in these patients.
Performance status was measured based on the PPS

© Therapeutic Radiology and Oncology. All rights reserved.

in our model, compared to KPS in the NRF model and
ECOG in the TEACHH model. Bivariate Cox regression
analysis with ECOG and PPS in our patients showed
that ECOG was not significantly associated with survival
after accounting for PPS (results not shown). The PPS
has been shown to prognosticate survival in a variety of
populations and performs well in inter- and intra-observer
reliability studies (26-30). While PPS assessment is less
straightforward compared to ECOG and KPS, it provides
a more comprehensive measurement of functional status of
palliative patients. Its use also facilitates decision making
and communication in the palliative care setting.

In addition, despite the availability of NLR from routine
full blood count and the association of elevated NLR with
poorer survival across various types of metastatic cancers

Ther Radiol Oncol 2021;5:6 | http://dx.doi.org/10.21037/tro-20-59
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Figure 2 Temporal validation of the NCCS model: overall survival by prognostic groups according to number of prognostic factors in (A)
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reported in multiple studies (31-35), it has not been
included in any of the prognostic models for palliative RT.
Compared to other studies where the NLR thresholds were
often arbitrarily set based on percentiles of its distribution,
the threshold in our study was determined based on the
minimum P value method in which all potential NLR
values were systematically tested to obtain a value that
best separated the OS of patients, while controlling for the
overall false positive rate.

Inpatient status at start of treatment has not yet been
reported as a prognostic factor for patients with metastatic
cancer. There is an increased rate of hospitalisation toward
the end of life of cancer patients. Studies have found that
about half of cancer-related deaths occurred in acute
hospitals (36-38). While the reasons for admission were not
captured in our study, it would not be unreasonable to infer
that the inpatients were more symptomatic and required
a higher level of care that could not be administered in
the outpatient setting. Several authors have reported that
clinical symptoms have an independent predictive value for
survival in patients with terminal cancers (39-41).

At least 75% of the patients enrolled in this study did not
have chemotherapy 3 months pre-RT. Based on the NCCS
prognostic model, the survival for these patients post
RT was about 2.1 times longer than that of patients with
chemotherapy. Earle ez /. found that patients who received
chemotherapy were more likely to die in hospital than those
who did not (34.9% vs. 29.0%, P<0.001), and that 15.7%
of those receiving chemotherapy were still undergoing
treatment within 2 weeks of death (42). This is not unusual
as while patients are on chemotherapy, they may experience
toxicities from chemotherapy, including neutropaenic
sepsis, that could put them at a higher risk of death.

Use of prognostic model in treatment planning

Short courses of RT have been demonstrated to be as
effective as longer courses in treating various symptoms
(43-45). Despite a long duration between the time of RT
and symptom relief, many patients still receive RT near the
end of their lives; they may even spend a significant portion
of their remaining lives attending RT sessions (46,47). In
our cohort, 6.7% of patients who died spent more than half
of their remaining life span on RT. In patients with a more
guarded prognosis, shorter courses or even withholding
RT would be preferable, with aggressive management of
symptoms in collaboration with a palliative care team.
While survival predictions are useful to guide treatment
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selection for individual patients, radiation oncologists should
not rely solely on them when formulating treatment plans
for patients. Human survival is a complex process that is
unrealistic to predict with a high degree of accuracy (10). Our
model was only able to account for 31% of the variability in
the survival times of our patients, even though it had a high
discrimination ability and was successfully validated. The low
explained variability was broadly in line with those reported by
the NRF model (15-24%) and the TEACHH model (17%).

Validation of the NRF and TEACHH models

Validation of the NRF and TEACHH models did not
reveal any significant differences in the OS between
patients included and those who were excluded (27% of the
288 patients due to missing ECOG status- results not
shown). The TEACHH model appeared to perform better
than the NRF model. The median OS of our patients with
0-1, 2, and 3 NREF risk factors were 8, 6.6 and 2.8 months
respectively; these were much shorter than the 55-64, 19—
28 and 9-10 months reported by Chow ez a/. for the three
risk groups based on their training, temporal validation
and external validation dataset. In comparison, the median
OS of our patients with 0-1, 2—4 and 5-6 TEACHH risk
factors were 15.4, 3.5 and 0.6 months respectively; these
were similar to the corresponding 19.9, 5 and 1.7 months
reported by Krishan et 4/. Similar results of the NRF and
TEACHH models were reported by Dosani e 4/. based on
a cohort of Canadian patients treated with palliative RT for
spinal metastases (14). Of the three NRF factors, only site of
disease and metastases were significantly associated with OS.
That said, two of the TEACHH risk factors viz. >2 prior
palliative chemotherapy lines and prior hospitalisation
were approximated for our patients. Furthermore,
different exclusion criteria were also used. Our validation
of the TEACHH model has its limitations, and thus its
performance may not entirely relate to the model itself. We
await the results of another Asian institution to see if the
TEACHH model performs better than the NRF model (48).

Strengths and limitations of the NCCS prognostic model

The NCCS model is developed based on log-logistic AFT,
which is a parametric survival model. This overcomes many
limitations of the Cox PH model, the most commonly-used
model for prediction of patient survival (49-52), which have
been widely described by various authors (53,54). With the
survival function of the prognostic model fully estimated,
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the clinical utility of the model will be higher, as this allows
individualised absolute survival prediction at all time points.
Our model also utilises easily obtainable patient information
which does not require medically trained personnel to
assess each variable. However, data originated from a single
institution and may not be generalised to all palliative
patients. A relatively small sample size in the training cohort
(n=175) was also used to develop the NCCS model compared
with other studies (10,55-57). Hence, the model may not
have included other potential prognostic factors for OS.

Conclusions

The utilisation of objective prognostic systems can improve
the reliability of clinician’s prediction of survival. We
developed a prognostic model for Asian patients undergoing
palliative RT which had better discrimination ability than
the NRF and TEACHH models. Further work to validate
this model with data from other institutions are required to
confirm its predictive accuracy.
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