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Abstract
Purpose The purpose of this study was to develop a simple prognostic model based on objective indicators alone, i.e., routine
blood test data, without using any subjective variables such as patient’s symptoms and physician’s prediction.
Methods The subjects of this retrospective study were patients at the palliative care unit of Tohoku University Hospital, Japan.
Eligible patients were over 20 years old and had advanced cancer (n = 225). The model for predicting survival was developed
based onCox proportional hazards regressionmodels for univariable andmultivariable analyses of 20 items selected from routine
blood test data. All the analyses were performed according to the TRIPOD statement (https://www.tripod-statement.org/).
Results The univariable and multivariable regression analyses identified total bilirubin, creatinine, urea/creatinine ratio, aspartate
aminotransferase, albumin, total leukocyte count, differential lymphocyte count, and platelet/lymphocyte ratio as significant risk
factors for mortality. Based on the hazard ratios, the area under the curve for the new risk model was 0.87 for accuracy, 0.83 for
sensitivity, and 0.74 for specificity. Diagnostic accuracy was higher than provided by the Palliative Prognostic Score and the
Palliative Prognostic Index. The Kaplan–Meier analysis demonstrated a survival significance of classifying patients according to
their score into low-, medium-, and high-mortality risk groups having median survival times of 67 days, 34 days, and 11 days,
respectively (p < 0.001).
Conclusions We developed a simple and accurate prognostic model for predicting the survival of patients with advanced cancer
based on routine blood test values alone that may be useful for appropriate advanced care planning in a palliative care setting.
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Introduction

The availability of accurate prognostic information for pa-
tients with advanced cancer is of great importance for timely
and appropriate advance care planning (ACP), incorporat-
ing advanced healthcare decision-making [1–3]. Such infor-
mation would be useful for discussing their condition with
patients and their families and would be of help for ACP and
clinical decision-making. One of the major concerns in

clinical practice regarding patients with advanced cancers
is the need for accurate predictions of the probability of
short- and long-term survival, and such prediction is central
to optimal end-of-life decisions. It is important to devise a
simple and objective tool for predicting short- or long-term
survival that could be used by all medical personnel to pro-
vide patient care. Validated widely used prognostic tools
that have been developed thus far to predict the survival of
patients with advanced cancer include the Palliative
Prognostic Index (PPI) [4], Palliative Prognostic (PaP)
score [5], and Prognosis in Palliative Care study (PiPS)
score [6]. All of them provide acceptable sensitivity, spec-
ificity, and predictive accuracy, but have the limitation of
the survival predictions being based on several subjective
items, including the performance status, patient symptoms,
and physician judgments, in addition to biological parame-
ters. Most of them require the physicians to conduct a sub-
jective assessment of the patients’ status and symptoms, a
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process that is inevitably influenced by the experience and
competence of the physician. The addition of clinical pre-
dictors of survival to the PaP score has been demonstrated to
reduce its accuracy [7]. The modified Glasgow prognostic
score (mGPS) has also been demonstrated clinically useful
for patients with advanced cancers, in close association of
the Karnofsky performance status with serum C-reactive
protein and albumin levels [8]. Recent studies have pro-
posed new tools for predicting the survival of advanced
cancer patients based on laboratory data and vital signs,
without involving clinician evaluations, and they have in-
cluded a tool based on six objective predictors [9], and a tool
based on a fractional polynomial model [10]. There have
also been several recent reports of models [11, 12] for
predicting 1-week or 2- to 3-week short-term survival of
patients with advanced cancer that are based on a combina-
tion of laboratory test data. In the present study, we
attempted to develop a new and simple model for survival
prediction based on a combination of objective data obtain-
ed from the routine blood test data of patients with advanced
cancers in a palliative care setting.

Methods

Patient population

We conducted a retrospective study in which we enrolled 225
patients with advanced cancers who were over 20 years old
and had been admitted to the palliative care unit of Tohoku
University Hospital, Japan, between May 2017 and October
2018. At the time of the study, none of the eligible patients
was any longer receiving cancer chemotherapy or radiothera-
py. Blood test data were collected from patients who had
received blood tests for some clinical indication within 1-
week before or after admission. All the patients were followed
up until their death or until 180 days after their enrollment, and
the survival time (days) was counted from the day of the blood
test until death, or the case was censored if the patient was
alive after 180 days. For patients with readmissions, only the
first blood test values were adopted for use in the study.When
a patient had been discharged from our hospital, we collected
information from the discharge destination regarding the sur-
vival period. If survival information was not available after
discharge, the case was treated as “censored” on the last trace-
able day within the 180-day period. The primary physician
and nurse discussed about CPR decisions with family mem-
bers when the patient was admitted, and a DNAR form was
signed by each other, kept during the follow-up period in the
unit. The protocol of this study conformed to the ethical guide-
lines of the Helsinki Declaration. The study was approved by
the Ethics Committee of the Tohoku University Graduate
School of Medicine.

Data collection

We collected the patient characteristic data, including age,
gender, site of the primary cancer, and metastasis. To validate
the predictive accuracy of our model, the PPI [4] and PaP [5]
models were also applied to all the enrolled patients, in which
the subjective evaluations by the primary physicians in the
palliative care unit were included. Data for the following var-
iables were collected to calculate the PPI: Palliative
Performance Scale score, the oral intake ability, presence/
absence of edema, the presence/absence of dyspnea at rest,
and presence/absence of delirium. The PaP score was calcu-
lated on the basis of six variables: clinical prediction of sur-
vival, presence/absence of dyspnea, presence/absence of an-
orexia, Karnofsky Performance Status, total leukocyte count,
and differential lymphocyte count. Among the routine blood
test data, including the data thus far recommended as prog-
nostic biomarkers [13, 14], we evaluated the following 16
routine blood test variables: total bilirubin (mg/dL), alkaline
phosphatase (U/L), alanine aminotransferase (U/L), aspartate
aminotransferase (U/L), sodium (mEq/L), calcium (mEq/L),
lactate dehydrogenase (U/L), creatinine (mg/dL), blood urea
nitrogen (mg/dL), albumin (g/dL), total leukocyte count (103/
μL), C-reactive protein (mg/dL), differential lymphocyte
count (%), platelet count (104/μL), hemoglobin (g/dL), and
urea/creatinine ratio. We also assessed the following four var-
iables that have been identified as prognostic biomarkers in
previous studies: the neutrophil/lymphocyte ratio (NLR) [15],
lymphocyte/monocyte ratio (LMR) [16], C-reactive protein/
albumin ratio (CRP/Ab) [17], and platelet/lymphocyte ratio
(PLR) [18].

Statistical analysis

Survival analyses were performed using the Cox proportional
hazards model. Data for a total of 22 variables obtained in all
the patients were included in the analyses: age, gender, and
data for the 20 objective variables described above that were
obtained from routine blood tests. First, univariable analyses
were performed, and all the variables with p values less than
0.2 were entered into the multivariable model. A survival
classification and regression trees (CART) analysis, which is
an empirical statistical technique based on recursive
partitioning of the data space to predict the response, was
performed to identify the most appropriate cutoff points for
the variables [19]. The split variables and split points selected
as the best fit were then used in the multivariable analysis. A
stepwise variable selection with backward elimination was
conducted in each dataset to optimize Akaike’s information
criterion (AIC). The risk scores were defined based on the
determined hazard ratios (HR) rounded down to integers,
and they were used to calculate the scores for each patient.
The patients were classified into three mortality risk groups
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according to their scores. The survival curves were estimated
by the Kaplan–Meier method and compared among the three
score groups by using the log-rank test. A receiver operating
characteristic (ROC) curve analysis was performed to validate
our model in comparison with the PPI and PaPmodels. All the
statistical analyses were performed using R version 4.0.0 soft-
ware (The R Project for Statistical Computing; https//www.r-
project.org/).

Results

Patient characteristics

A total of 225 patients were enrolled in this study, and the 18
cases inwhich the duration of survivalwasmore than 180 days
or it was impossible to follow-up after leaving the palliative
unit were censored. Table 1 summarizes the patient character-
istics. The mean age of the patients was 69.6 years, and the

most frequent site of the primary cancer was the gastrointes-
tinal tract, followed by the lung. Themedian survival timewas
30 days. The results of the blood tests are summarized in
Table 2. Using the PPI and PaP models, the scores of all the
enrolled patients were also examined as described in the
“Methods”. These scores were 7.45 ± 3.03 and 10.11 ± 4.52,
respectively, both of which exhibited less than 21 days of
survival according to the prediction period suggested by the
models.

Table 1 Patient characteristics

Characteristic n=225
Mean (SD)

Age (years) 69.6 (11.8)

Male n (%) 88 (39.1)

Primary cancer site

Lung 25 (11.1)

Stomach/esophagus 31 (13.8)

Colon/rectum/small intestine 29 (12.9)

Pancreas 23 (10.2)

Liver 9 (4.0)

Biliary system 11 (4.9)

Ovary/uterus 36 (16.0)

Kidney/bladder/prostate 7 (3.1)

Breast 8 (3.6)

Head and neck 11 (4.9)

Central nervous system 6 (2.7)

Others 29 (12.9)

Metastatic sitea

Any site 91 (40.4)

Liver 55 (24.4)

Bone 38 (16.9)

Lung 48 (21.3)

Central nervous system 24 (10.7)

Median survival (days, 95% CI) 30 (24.7–35.3)

SD, standard deviation
a The sum of percentages is not 100% due to cases withmore than one site
of metastasis

Table 2 Blood test values of the patients

Blood test items (reference value) n (%) Mean (SD)

Leucocyte count (103/μL) 225 (100) 10.7 (7.8)
4–8

Lymphocyte (%) 217 (96.4) 11.9 (8.9)
25–40

Platelet count (104/μL) 222 (98.7) 252.4 (131.1)
15–35

Hemoglobin (g/dL) 220 (97.8) 9.8 (2.4)
10–18

Total bilirubin (mg/dL) 220 (97.8) 1.51 (3.63)
0.2–1.2

Alkaline phosphatase (U/L) 216 (96.0) 591.3 (595.8)
104–338

Alanine aminotransferase (U/L) 222 (98.7) 31.7 (41.3)
6–43

Aspartate aminotransferase (U/L) 222 (98.7) 45.1 (61.4)
7–36

Lactate dehydrogenase (U/L) 204 (90.7) 401.6 (392.2)
120–245

Sodium (mEq/L) 223 (99.1) 136.3 (6.35)
135–145

Calcium (mg/dL) 209 (92.9) 8.32 (0.91)
8.5–10.5

Creatinine (mg/dL) 221 (98.2) 0.85 (0.68)
0.61–1.04

BUN (mg/dL) 220 (97.8) 22.4 (17.9)
9–21

Albumin (g/dL) 216 (96.0) 2.53 (0.81)
3.8–5.3

C-reactive protein (mg/dL) 212 (94.2) 6.16 (6.50)
<0.3

BUN/creatinine 198 (88.0) 28.8 (14.8)
>10

C-reactive protein/albumin (CRP/Ab) 202 (89.8) 3.31 (4.32)
<0.156

Neutrophil/lymphocyte (NLR) 216 (96.0) 13.1 (14.8)
5<

Lymphocyte/monocyte (LMR) 180 (80.0) 2.27 (1.35)
<3.68

Platelet/lymphocyte (PLR) 214 (95.1) 350.2 (277.9)
<170.5

SD, standard deviation; n, number of patients with blood data; total n, 225
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Variables associated with the overall survival

Analyses of the blood test data by univariable Cox regres-
sion analyses revealed positive associations between sur-
vival duration and the blood test parameters (p < 0.2), but
not between survival time and gender or platelet count

(Table 3a). As the initial candidates for the final risk
model, the 20 variables were then entered into the multi-
variable Cox model and followed by stepwise variable
selection by optimizing AIC. The results of this analysis
identified total bilirubin, alkaline phosphatase, alanine
aminotransferase, creatinine, urea/creatinine ratio, albu-
min, total leukocyte count, differential lymphocyte count,
NLR, and PLR as the selected prognostic factors for the
duration of survival.

To obtain the final risk model, the 20 variables selected
by univariable Cox regression analyses were employed to
determine the most appropriate cutoff points to dichoto-
mize for clinical use. All of the variables were entered into
the CART analysis model. The split variable and split
point selected as the best fit were then used for the multi-
variable analyses and stepwise selection by AIC. The var-
iables identified as being significant predictors of survival
(Table 3b) were total bilirubin > 1.85 mg/dL (p = 0.007),
aspartate aminotransferase > 85 U/L (p = 0.004), creatinine
> 1.265 mg/dL (p < 0.001), urea/creatinine ratio > 34.15
(p < 0.001), albumin < 2.65 g/L (p < 0.001), total leuko-
cyte count > 10.2 × 103/μL (p = 0.018), differential lym-
phocyte count < 4.1% (p = 0.070), and PLR > 113 (p =
0.026), and based on the HRs, the risk scores were round-
ed down to the integers such as 2, 2, 3, 2, 2, 1, 1, and 2,
respectively. An ROC curve was constructed using the
variables identified to evaluate the predictive ability of
our model in comparison with the PPI model and the
PaP model (Fig. 1). The ROC curve validated our model
based on the areas under the curve (AUCs) for accuracy of
0.8713, sensitivity of 0.828, and specificity of 0.738. The
AUC values of the PPI and PaP for accuracy were 0.7596
and 0.8623, respectively, so the accuracy of our model
was slightly higher than that of the earlier models. With
the integer scores, the mortality rates in person-days with
95% CI according to the selected valuables were calculat-
ed for each score patient (Fig. 2a), and the patients were
stratified into three groups: a group with scores of 0–2
whose mortality rate was 0.0097 (95% CI 0.0065–
0.0138) (group I), a group with scores of 3–5 whose mor-
tality rate was 0.0213 (0.0169–0.0265) (group II), and a
group whose scores were > 6 and mortality rate was
0.0628 (0.0483–0.0804) (group III) (Fig. 2b). Survival
curves were then constructed by the Kaplan–Meier method
and compared by the log-rank test, and the results revealed
differences in the survival durations among the three
groups at p values of < 0.001 (Fig. 3). The median survival
times (MSTs) in group I, group II, and group III were
67 days (95% CI 45–94), 34 days (30–42), and 11 days
(9–15) days, respectively. These results suggest that the
model we developed may be helpful as a simple and ob-
jective tool for predicting survival outcomes in patients
with advanced cancers in a palliative care setting.

Table 3 Cox proportional hazard regression analyses of blood test data

(a) Univariable Cox proportional hazardmodel: univariable analysis

Name HR Lower 0.95 Upper 0.95 p value

Gender 0.858 0.646 1.139 0.289

Age 0.989 0.978 1.000 0.049

Tbil 1.079 1.041 1.119 0.000

ALP 1.000 1.000 1.001 0.011

AST 1.008 1.006 1.011 0.000

ALT 1.011 1.007 1.015 0.000

Na 0.978 0.954 1.002 0.074

Ca 0.883 0.747 1.043 0.144

LDH 1.000 1.000 1.001 0.194

Cre 1.466 1.219 1.763 0.000

BUN 1.031 1.024 1.038 0.000

BUN/Cre 1.026 1.016 1.037 0.000

Alb 0.719 0.582 0.888 0.002

WBC 1.025 1.011 1.039 0.001

NLR 1.014 1.007 1.022 0.000

LMR 0.804 0.710 0.910 0.001

CRP 1.038 1.018 1.060 0.000

CRP/Alb 1.030 1.003 1.057 0.028

Lymph (%) 0.961 0.944 0.979 0.000

Hb 0.952 0.898 1.009 0.100

PLT 1.000 0.999 1.001 0.949

PLR 1.001 1.000 1.001 0.030

(b) Multivariable Cox proportional hazard model: variable selection
(AIC):

Name HR Lower 0.95 Upper 0.95 p value Score

Tbil>1.85 2.747 1.313 5.744 0.007 2

AST>85 2.664 1.369 5.184 0.004 2

Cre>1.265 3.374 1.779 6.397 0.000 3

BUN/Cre>34.15 2.529 1.647 3.884 0.000 2

Alb<2.65 2.446 1.633 3.665 0.000 2

WBC>10.2 1.645 1.088 2.487 0.018 1

Lymp<4.1 1.639 0.960 2.799 0.070 1

PLR>113 2.191 1.097 4.374 0.026 2

(a) Tbil, total bilirubin; ALP, alkaline phosphatase; AST, aspartate amino-
transferase; ALT, alanine aminotransferase; Na, serum natrium; Ca, se-
rum calcium; LDH, lactate dehydrogenase; Cre, creatinine; BUN, blood
urea; Alb, albumin;WBC, leucocyte count; NLR, neutrophil/lymphocyte;
LMR, lymphocyte/monocyte;CRP, C-reactive protein; Lymph (%),differ-
ential lymphocyte count; PLT, platelet count; PLR, platelet/lymphocyte

(b) To determine the appropriate cutoff points for the variables, CART
analysis was performed [19]
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Discussion

In the present study, we developed a prognostic model based
on objective data from routine blood tests alone for use in
patients with advanced cancer in palliative care units. Eight
variables, namely, total bilirubin, aspartate aminotransferase,
creatinine, urea/creatinine ratio, albumin, total leukocyte
count, differential lymphocyte count, and PLR, were found
to be significantly associated with patient survival. These var-
iables were then used to construct a prognostic model, and
based on the scores in the model, the patients were classified
into three groups, groups Ι, group II, and group III, which were
predictive of a low-, intermediate-, and high-mortality risk,
corresponding to their MSTs of 67 days, 34 days, and 11 days,
respectively. This model is unique because it is composed of
only objective blood test data, and it may also predict a longer
period than the models for 1-week survival [11] or for 2- to 3-
week survival [12]. The survival prediction models for

advanced cancer patients that have been reported thus far have
been based on a variety of subjective items, including perfor-
mance status, symptoms, and physicians’ judgment, in addi-
tion to objective biological parameters and vital signs [17].
Thus, the model we developed appears to be a simpler and
more useful model for making quick decisions about the prog-
nosis of patients with advanced cancer that can be used by all
medical personnel. Preliminary results of validation of this
model revealed a higher or comparable accuracy of this model
with a higher AUC value in the ROC curve, as compared to
the PaP and PPI models, although the differences were not
statically significant. Further investigation is needed to vali-
date this model in comparison with the other models. This
model, however, may be superior rather than the other models
from the following viewpoint: no need of subjective variables
and vital signs, and possible quick prediction of short- versus
longer-term survival for facilitating end-of-life management
by following up on the patient’s status.

Fig. 1 Predictive value of the
final model according to the
receiver operating characteristic
curve analysis. The analysis
yielded an area under the curve
(AUC) values of 0.87 for accura-
cy, 0.83 for sensitivity, and 0.74
for specificity, in comparison
with AUC values of 0.76 and 0.86
for accuracy with PPI and PaP,
respectively

Fig. 2 Mortality rate calculations for each patient based on the hazard
ratio (HR) of the final model (a) and classification of the patients into
groups having scores of 0–2 points (I), 3–5 points (II), or ≧6 points (III)

(b). The mortality rates of group I, group II, and group III were 0.0097
(95% CI 0.0065–0.0138), 0.0213 (0.0169–0.0265), and 0.0628 (0.0483–
0.0804), respectively
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Accumulating evidence suggests that host inflammatory
responses play a crucial role in cancer development and pro-
gression of cancer [20, 21]. In recent years, certain indicators
of inflammation have been reported to be associated with the
survival prognosis in cancer patients. Consistent with these
reports, we identified eight variables as predictive markers
of survival in our patients, particularly the total leukocyte
count, differential lymphocyte count, PLR, and serum levels
of acute-phase reactants, such as serum albumin. Aspartate
aminotransferase and total bilirubin are also systemic inflam-
mation factors produced by the liver, and blood urea and cre-
atinine are biomarkers of impaired kidney function.
Interestingly, Okugawa et al. [11] recently reported demon-
strating significant correlation between five blood test data,
i.e., elevated serum total bilirubin, creatinine, and alanine ami-
notransferase, and blood urea nitrogen levels and a decreased
platelet count, and death within 1 week in terminally ill cancer
patients, and Niki et al. [12] presented six blood test variables,
i.e., total leukocyte count, platelet count, blood urea nitrogen,
and C-reactive protein, aspartate aminotransferase, and lactate
dehydrogenase, which were predictors of 2-week survival.
These reports together with our own findings suggest that
elevated levels of markers, such as the total leukocyte count,
blood urea nitrogen, total bilirubin, creatinine, and aspartate
aminotransferase, might be associated with shorter survival in
patients with advanced cancer. Malnourished patients have
low serum albumin levels, and low albumin levels are often
noted in the terminal stage of various diseases [22]. Elevated
PLRs have been reported to be associated with a poor prog-
nosis in lung cancer patients [23].

Although we expected to identify the C-reactive protein
level as an efficient marker, the same as in several other stud-
ies [24], after adjustment, it was no longer identified as a
significant factor in our multivariable analysis. Other studies,
including those by Chen et al. [9] and Hamano et al. [10], have
identified vital signs such as the heart rate and respiratory rate
as objective predictors of survival, in addition to blood test
data. It would be interesting to determine whether vital signs
and symptoms such as dyspnea, anorexia, and edemamight be
associated with any of the valuables identified as survival
predictors in this study, since these symptoms, in particular,
may be useful for predicting longer-term life expectancy of
more than 2–3 weeks but less than a few months. Some of the
variables associatedwith the activation of the systemic inflam-
matory response may also be valid across tumor types.

Limitations

Our study had limitations. It was conducted at only a single
palliative care unit, and the number of patients enrolled was
small. The indicators presented here should be validated by
prospective studies in independent populations. It might be
interesting to investigate whether the model we developed
can improve the survival prediction in conjugation with sub-
jective variables such as patient’s symptoms and physician’s
predictions to help the ACP’s palliative care decisions.

Conclusion

We developed a simple objective model for predicting the
survival of patients with advanced cancers based on data from
routine blood tests alone. Our model is expected to be clini-
cally useful for predicting weekly to monthly survival days in
patients with advanced cancer when initiating consultations
for ACP in palliative care.
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Fig. 3 Overall survival of different risk groups stratified by the final
model. The Kaplan–Meier survival method and the log-rank test were
used to characterize patients in different risk groups classified by the final
model. There were significant differences between the overall survival
rates of the low-, medium-, and high-risk groups (p < 0.001). The groups
also exhibited distinct median survival time (MST, days, 95% CI) as
shown in the insert. The cases of patients who were alive after180 days
or could not be followed up were censored, and the data of patients with
missing value(s) among the eight variables identified as the final model
were excluded from the analysis

4436 Support Care Cancer (2021) 29:4431–4437



References

1. Glare P, Virik K, Jones M, Hudson M, Eychmuller S, Simes J,
Christakis N (2003) A systematic review of physicians’ survival
predictions in terminally ill cancer patients. BMJ 327:195–198

2. Maltoni M, Caraceni A, Brunelli C, Croeckaert B, Christakis N,
Eychmuller S et al (2005) Prognostic factors in advanced cancer
patients: evidence-based clinical recommendations—a study by the
Steering Committee of the European Association for Palliative
Care. J Clin Oncol 23:6240–6248

3. Stone PC, Lund S (2007) Predicting prognosis in patients with
advanced cancer. Ann Oncol 18:971–976

4. Morita T, Tsunoda J, Inoue S, Chihara S (1999) The Palliative
Prognostic Index: a scoring system for survival prediction of termi-
nally ill cancer patients. Support Care Cancer 7:128–133

5. Maltoni M, Nanni O, Pirovano M, Scarpi E, Indelli M, Martini C
et al (1999) Successful validation of the Palliative Prognostic Score
in terminally ill cancer patients. Italian Multicenter Study Group on
Palliative Care J Pain Symptom Manage 17:240–247

6. GwilliamB,Keeley V, ToddC,GittinsM, Roberts C, Kelly L, et al.
(2111) Development of Prognosis in Palliative Care Study (PiPS)
predictor models to improve prognostication in advanced cancer:
prospective cohort study. BMJ 343:d4920

7. Hui D, Park M, Liu D, Palva CF, Suh S-Y, Morita T et al (2016)
Clinician prediction of survival versus the Palliative Prognostic
Score: which approach is more accurate? Eur J Cancer 64:89–95

8. Proctor MJ, Morrison DS, Talwar D, Balmer SM, O’Reilly DSJ,
Foulis AK et al (2011) An inflammation-based prognostic score
(mGPS) predicts cancer survival independent of tumor site: a
Glasgow Inflammation Outcome Study. Br J Cancer 104:726–734

9. Chen Y-T, Ho C-T, HsuH-S, Huang P-T, Lin C-Y, Liu C-S, Li TC,
Lin CC, Lin WY (2015) Objective palliative prognostic score
among patients with advanced cancer. J Pain Symptom Manag
49:690–696

10. Hamano J, Takauchi A, Yamaguchi T, BabaM, Imai K, IkenagaM
et al (2018) A combination of routine laboratory findings and vital
signs can predict survival of advanced cancer patients without phy-
sician evaluation: a fractional polynomial model. Eur J Cancer 105:
50–60

11. Okugawa Y, Shirai Y, Nodono H, Matsutani F, Itoh M, Hishida A
et al (2017) Objective predictive score as a feasible biomarker for
short-term survival in terminally ill patients with cancer. Anticancer
Res 37:267–276

12. Niki K, Okamoto Y, Tabata Y, Tsugane M, Murata T, Mizuki M,
Matsumura Y, Takagi T, Uejima E (2018) A new approach for
determining short-term, objective prognostic predictive methods

for terminal cancer patients based on the change point of laboratory
test values. J Palliat Med 21:529–532

13. Reid VL, MacDonald R, Nwosu AC, Mason SR, Probert C,
Ellershaw JE et al (2017) A systematically structured review of
biomarkers of dying in cancer patients in the last months of life:
an exploration of the biology of dying. PLoS One 12:e0175123

14. Simmons CPL, McMillan DC, McWilliams K, Sande TA, Fearon
KC, Tuck S et al (2017) Prognostic tools in patients with advanced
cancer: a systematic review. J Pain Symptom Manag 53:962–970

15. Walsh SR, Cook EJ, Goulder F, Justin TA, Keeling NJ et al (2005)
Neutrophil–lymphocyte ratio as a prognostic factor in colorectal
cancer. J Surg Oncol 91:181–184

16. Hu P, Shen H, Wang G, Zhang P, Liu Q, Du J (2014) Prognostic
significance of systemic inflammation-based lymphocyte–
monocyte ratio in patients with lung cancer: based on a large cohort
study. PLoS One 9:e108062

17. Hang J, Xue P, Yang H, Li S, Chen D, Zhu L, Huang W, Ren S,
Zhu Y, Wang L (2017) Pretreatment C-reactive protein to albumin
ratio for predicting overall survival in advanced pancreatic cancer
patients. Sci Rep 7:2993

18. Smith RA, Bosonnet L, Raraty M, Sutton R, Neoptolemos JP,
Campbell F, Ghaneh P (2009) Preoperative platelet-lymphocyte
ratio is an independent significant prognostic marker in resected
pancreatic ductal adenocarcinoma. Am J Surg 197:466–472

19. Lemon SC, Roy J, Clark MA, Friedmann PD, Rakowski W (2003)
Classification and regression tree analysis in public health: method-
ological review and comparison with logistic regression. Ann
Behav Med 26:172–181

20. Mantovani A, Allavena P, Sica A, Balkwill F (2008) Cancer-related
inflammation. Nature 454:436–444

21. Roxburgh CSD, McMillan DC (2014) Cancer and systematic in-
flammation: treat the tumor and treat the host. Br J Cancer 110:
1409–1412

22. Gupta D, Lis CG (2010) Pretreatment serum albumin as a predictor
of cancer survival: a systematic review of the epidemiological lit-
erature. Nutr J 9:69

23. Ding N, Pang Z, Shen H, Ni Y, Du J, Liu Q (2016) The prognostic
value of PLR in lung cancer: a meta-analysis based on results from a
large consecutive cohort. Sci Rep 26:34823

24. Amano K, Maeda I, Morita T, Baba M, Miura T, Hama T et al
(2017) C-reactive protein, symptoms and activity of daily life living
in patients with advanced cancer receiving palliative care. J
Cachexia Sarcopenia Muscle 8:457–465

Publisher’s note Springer Nature remains neutral with regard to jurisdic-
tional claims in published maps and institutional affiliations.

4437Support Care Cancer (2021) 29:4431–4437


	Prognostic model for patients with advanced cancer using a combination of routine blood test values
	Abstract
	Abstract
	Abstract
	Abstract
	Abstract
	Introduction
	Methods
	Patient population
	Data collection
	Statistical analysis

	Results
	Patient characteristics
	Variables associated with the overall survival

	Discussion
	Limitations
	Conclusion
	References


