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Purpose: The aim of this study is to develop a pre-operative prognostic model based on known pre-
operative factors.
Methods: A database of ultrasound (US) lesions undergoing biopsy documented US lesion size, stiffness,
and patient source prospectively. Women with invasive cancer presenting between 2010 and 2015 were
the study group. Breast and axillary core results and ER, PR and HER receptor status were collected
prospectively. Assessment of US skin thickening, US distal enhancement and presence of chronic kidney
disease (CKD) was performed retrospectively. Patient survival and cause of death were ascertained from
computer records. Predictive models for (i) all-cause mortality (ACM) and (ii) breast cancer death (BCD)
were built and then validated using bootstrap k-fold cross-validation. A comparison of predictive per-
formance was made between a full cause-specific Cox model, a sub cause-specific Cox model, and a full
Fine-Gray sub-distribution hazard model.
Results: 1136 patients were included in the study. The median follow-up time was 6.2 years. 125 (11%)
women died from breast cancer and 155 (14%) died from other causes. For the prediction of BCD, the
cause-specific Cox sub-model performed the best. The time dependent AUC begins above 0.91 in year
one to 3 reducing to 0.83 in year 6. The factors included in the Cox sub model were tumour size, skin
thickening, source of detection, tumour grade, ER status, pre-operative nodal metastasis and CKD.
Conclusion: We have shown that a model based on preoperative factors can predict BCD. Such prediction
if externally validated and incorporating treatment data could be useful for treatment planning and
patient counselling.
© 2021 Published by Elsevier Ltd. This is an open access article under the CC BY-NC-ND license (http://

creativecommons.org/licenses/by-nc-nd/4.0/).
1. Introduction

Patients presenting with invasive breast cancer are increasing
likely to receive neoadjuvant endocrine or chemotherapy therapy
[1]. As these patients do not receive immediate surgery, the surgical
specimen, which has traditionally been used to assess prognosis [2]
may be less useful. Therefore, such surgical prognostic information
is not available in many women currently presenting with breast
cancer as pre-treatment biopsy specimen data has not been
).

an open access article under the C
validated to used in current predictive tools.
However recent work has highlighted prognostic indicators

which are available pre-operatively in almost all patients, including
those based on imaging and core biopsy findings. Tumour core
biopsy grade [3] has been shown to correlate well with final his-
tological grade and to strongly correlate with survival [4,5]. Oes-
trogen (ER), progesterone receptor (PR) and HER2 receptor status
should be performed on core biopsy samples rather than final
histological samples due to the superior fixation. All three receptors
are independently associated with breast cancer outcome. ER and
PR positivity are associated with prolonged BCSS while HER
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positivity is historically associated with poor survival [6e8]. The
pre-operative diagnosis of axillary metastases by axillary ultra-
sound (US) guided biopsy is associated with a higher nodal burden
at surgery compared to womenwith a positive sentinel node and is
associated with a poorer outcome [5,9,10].

US findings of large tumour size, skin thickening and distal
acoustic enhancement have recently been shown to correlate with
poor breast cancer survival [11,12]. US detected skin thickening
(>2.5 mm over the tumour) has been shown to be highly repro-
ducible in multiple studies [13e15] with the latest study showing
an intra-class correlation coefficient (ICCC) inter-observer vari-
ability of 0.85. Peri-lesional stiffness on US shear wave elastography
(SWE), is independently associated with breast cancer death.
Stiffness is thought to represent abnormal collagen structure in
activated cancer associated stroma [5,16,17]. Stiffness at SWE has
also been shown to be highly reproducible with an ICCC of 0.84 for
inter-observer variability [18].

Patient source, (mammographic screening or symptomatic
presentation) is an independent predictor of breast cancer mor-
tality even when time dependent factors such as tumour size and
nodal status are taken into account with patients presenting
symptomatically having a worse outcome than women with can-
cers detected my mammographic screening [19,20]. Comorbid
conditions, particularly chronic kidney disease (CKD) also worsen
disease specific outcomes in breast cancer patients [21e23].

Post-operative prognostic indices such as the Nottingham
Prognostic Index (NPI) have been available and used widely for
many years to guide the use of adjuvant hormone therapy [2],
chemotherapy and biological agents. More recently, Predict has
been developed which in addition to estimating prognosis is used
to estimate the benefit available from endocrine therapy, chemo-
therapy and biological agents [24]. However, both the NPI and
Predict require surgical pathology data of a previously untreated
cancer. The increasing use of neoadjuvant chemotherapy and
endocrine therapy highlight the need to estimate the prognosis of
breast cancer patients pre-operatively and/or prior to neoadjuvant
therapy. Such a tool would be useful in deciding the appropriate-
ness of giving chemotherapy in the neoadjuvant setting when
traditional prognostic tools are not available. The aim of this study
was to develop a pre-operative prognostic model based on known
and readily available pre-operative predictors of prognosis.

2. Methods

2.1. Data source & study participants

The data for this study was taken from a prospectively collected
database, considered service evaluation by the institutional ethics
committee. A prospective database of all US lesions undergoing
biopsy since April 2010 included US lesion size, stiffness at SWE and
patient source (screening or symptomatic). Breast US was per-
formed using a 12 MHz linear array probe by consultant breast
radiologists or specialist breast sonographers. Stiffness at SWE was
the average of mean stiffness from 4 images taken in 2 orthogonal
planes using a 2 mm region of interest.

Those women with invasive cancer presenting between April
2010 and Sept 2015 however treated were included in the study.
Therefore, the study cohort consisted of women treated by imme-
diate surgical excision, excision following neoadjuvant systemic
therapy, and those treated by primary endocrine therapy. Breast
lesion core biopsy and axillary core biopsy results, surgical excision
results and ER, PR and HER2 receptor status were also collected
prospectively. US axillary node cortical thickness threshold
prompting axillary core biopsy during the study period was
2$3 mm. Abnormal nodes underwent 2 core biopsy passes with a
12
14-gauge needle. Women with recurrent cancer or those who had
distant metastatic disease at presentation were excluded. 15 cases
were not included because there was either was no follow-up data
or US images were not available for review. All included patients
therefore had complete datasets.

Assessment of US skin thickening, and the presence of US distal
enhancement was performed retrospectively by an expert breast
radiologist with 25 years of breast imaging experience, who was
blinded to outcomes. Skin thickening was defined as a thickness
above 2$5 mm in the area of the tumour. CKD was defined as a
glomerular filtration rate (GFR) of less than 60 mL/min/1.73 m2 and
was recorded from routine blood samples. Other pre-diagnosis
comorbidities recorded were diabetes, cardiovascular disease and
previous non-breast cancers.
2.2. Outcomes

This study considered two endpoints, all-cause mortality and
breast cancer death, both of which were ascertained from local and
national computer records. Patients who died with metastatic
disease were assumed to have died from metastatic breast cancer.
The last data update was January 2021.
2.3. Descriptive statistics

Baseline characteristics of the study participants were sum-
marised according to their outcome status. Continuous variables
were summarised as mean and standard deviation or as median
and interquartile range (IQR) if the distribution was obviously
skewed, while categorical variables were summarised as frequency
and percentage.
2.4. Derivation of predictive models

2.4.1. All-cause mortality
Prediction of all-cause mortality was established using Cox

proportional hazard model. Patient's status at the end of follow-up
was classified as death (event of interest) or alive (censored).
Fractional polynomials (FP) were used to model potential non-
linear risk relations with the continuous variable [25,26] and
determine the appropriate functional form for transformation. Af-
ter this, backward elimination was used for variable selection. The
FP selection level and the variable selection level were both set to
be 0.05. Performance in predicting the risk of all-cause mortality
were compared between two candidate models, a full Cox model
and a sub-model with selected predictors and necessary FP
transformation.
2.4.2. Breast cancer death
Prediction of breast cancer death was established under two

frameworks, cause-specific Cox model and Fine-Gray model [27],
both of which account for competing risks. Patient's status at the
end of follow-up was classified into three categories: breast cancer
death (event of interest), other causes of death (competing events),
and alive (censored). Again, fractional polynomials and backward
elimination were used to determine the need of variable trans-
formation and variable selection, respectively. Separate models
were fitted for breast cancer death (event of interest) and other
causes of death (competing events). Performance in predicting the
risk of breast cancer death were then assessed among four candi-
date models, a full cause-specific Cox model (CSC-full), a selected
cause-specific Cox model (CSC-sub), a full Fine-Gray model (FG-
full), and a selected Fine-Gray model (FG-sub).
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2.4.3. Validation of predictive performance
The validation of predictive performance included model

discrimination and calibration. Discrimination is the ability of
differentiatingbetweenpatientswhohad the eventof interest during
the follow-up time and those who did not. In this study, discrimi-
nation ability was assessed by time-dependent area under receiver
operating characteristic curve (AUC) [28]. Unlike the commonly used
Harrell's C-statistic which provides the overall measure of predictive
accuracy, time-dependent AUCs summarise discrimination ability at
specific time points. To demonstrate both short- and long-term
discrimination accuracy, the AUC was estimated at each year of
follow-up (i.e. year 1, year 2,…, until year 9) using inverse probability
of censoring weighting approach [29]. Usually, an AUC greater than
0.8 indicates great discrimination accuracy.

Calibration refers to whether the predicted risks from a pre-
dictive model agree with the observed risks. If a model is ideal,
pairs of the observed and predicted risks in a calibration plot lie on
the 45-degree angle line, implying that both probabilities match
well to each other [30]. For each of the candidate model, partici-
pants were ranked by their predicted risk of outcome and parti-
tioned into ten equally sized groups (risk deciles). Calibration was
Table 1
Baseline characteristics of the study cohort.

Breast cancer death (n ¼ 125)

Median (IQR) follow-up (years) 3$6 (2$2e5$9)
Mean (SD) age at diagnosis 61$4 (15.3)
Mean (SD) US tumour stiffness (kPa) 159 (63)
Mean (SD) US tumour size (mm) 25$0 (9.8)
US skin thickening
Yes 45 (36$0%)
No 80 (64$0%)

Source of detection
Screening 15 (12$0%)
Symptoms 110 (88$0%)

Core biopsy tumour grade
Grade 1 1 (0$8%)
Grade 2 49 (39$2%)
Grade 3 75 (60$0%)

ER status
Yes 80 (64$0%)
No 45 (36$0%)

HER2 status
Yes 32 (25$6%)
No 93 (74$4%)

Pre-operative nodal metastasis
Yes 56 (44$8%)
No 69 (55$2%)

Posterior enhancement (US)
Yes 31 (24$8%)
No 94 (75$2%)

PR status
Yes 65 (52$0%)
No 60 (48$0%)

Chronic kidney disease
Yes 19 (15$2%)
No 106 (84$8%)

Diabetes
Yes 6 (4$8%)
No 119 (95$2%)

Cardiovascular disease
Yes 8 (6$4%)
No 117 (93$6%)

Other types of cancer
Yes 2 (1$6%)
No 123 (98$4%)

US ¼ ultrasound.
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then assessed by plotting the observed risk of the outcome against
predicted risk at decile level.

For each outcome, the best model was determined from the
comparison of discrimination and calibration through 5-fold
bootstrap cross-validation. Each candidate model was trained and
validated on 1000 bootstrap samples. For each bootstrap sample,
80% of the original data were randomly drawn without replace-
ment as the training dataset, and the other 20% were used to assess
the model performance.

3. Results

3.1. Baseline characteristics

1136 patients were included in the study. Mean age at diagnosis
was 62.6 years. 706 patients were symptomatic while 430 had
cancers detected by mammographic screening. The mean US
tumour size was 18 mm and 17% had a pre-operative diagnosis of
nodal metastases. The core biopsy grade distribution was grade 1
12%, grade 2 54%, and grade 3 33%. ER positivity and HER-2 posi-
tivity in the study group was 84% and 12% respectively. 142 women
Other-causes death (n ¼ 155) Alive (n ¼ 856) Total (n ¼ 1136)

4$1 (2$0e5$7) 6$7 (5$6e8$0) 6$2 (4$9e7$7)
76$2 (12.1) 60$4 (11.4) 62$6 (13.2)
141 (64) 123 (59) 129 (62)
20$4 (10.8) 16$3 (9.3) 17$8 (10.0)

38 (24$5%) 80 (9$3%) 163 (14$3%)
117 (75$5%) 776 (90$7%) 973 (85$7%)

30 (19$4%) 385 (45$0%) 430 (37$9%)
125 (80$6%) 471 (55$0%) 706 (62$1%)

16 (10$3%) 122 (14$3%) 139 (12$2%)
90 (58$1%) 479 (56$0%) 618 (54$4%)
49 (31$6%) 255 (29$8%) 379 (33$4%)

129 (83$2%) 741 (86$6%) 950 (83$6%)
26 (16$8%) 115 (13$4%) 186 (16$4%)

20 (12$9%) 88 (10$3%) 140 (12$3%)
135 (87$1%) 768 (89$7%) 996 (87$7%)

23 (14$8%) 114 (13$3%) 193 (17$0%)
132 (85$2%) 742 (86$7%) 943 (83$0%)

31 (20$0%) 120 (14$0%) 182 (16$0%)
124 (80$0%) 736 (86$0%) 954 (84$0%)

112 (72$3%) 653 (76$3%) 830 (73$1%)
43 (27$7%) 203 (23$7%) 306 (26$9%)

42 (27$1%) 45 (5$3%) 106 (9$3%)
113 (72$9%) 811 (94$7%) 1030 (907%)

22 (14$2%) 42 (4$9%) 70 (6$2%)
133 (85$8%) 814 (95$1%) 1066 (93$8%)

15 (9$7%) 32 (3$7%) 55 (4$8%)
140 (90$3%) 824 (96$3%) 1081 (95$2%)

10 (6$5%) 18 (2$1%) 30 (2$6%)
145 (93$5%) 838 (97$9%) 1106 (97$4%)



Table 2
Specification of candidate prognostic models for all-cause mortality and breast cancer death.

Outcome Model Prognostic variables

All-cause
mortality

Cox (Full) (Age at diagnosis/100)3 þ all the other variables listed in Table 1 (except follow-up time)
Cox (Sub) (Age at diagnosis/100)3 þ US tumour size þ US skin thickening þ source of detection þ ER status þ pre-operative nodal

metastasis þ CKD þ other types of cancer
Breast cancer

death
CSC (Full) All variables listed in Table 1 (no variable transformation needed).
CSC (Sub) US tumour size þ US skin thickening þ source of detection þ core biopsy tumour grade þ ER status þ pre-operative nodal

metastasis þ CKD
Fine-Gray
(Full)

All variables listed in Table without any transformation.

Fine-Gray
(Sub)

US tumour size þ US skin thickening þ source of detection þ core biopsy tumour grade þ ER status þ pre-operative nodal
metastasis þ CKD

CSC: cause-specific Cox model; CKD: chronic kidney disease; CVD: cardiovascular disease.
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received neoadjuvant chemotherapy, while 367 patient received
chemotherapy either adjuvantly or neoadjuvantly. 67 patients
received endocrine therapy either preoperatively or as their pri-
mary treatment.

The overall median follow-up time is 6$2 years with an inter-
quartile range of 4$9 to 7$7 years. During the follow-up, 125 (11%)
died from breast cancer and 155 (14%) died due to other causes. The
distribution of candidate prognostic variables in those who died of
breast cancer, died of other causes and who are alive and follow-up
time are summarised in Table 1.
Table 3
Regression coefficients and adjusted hazard ratios (95% confidence intervals) for all-caus

Predictor variables Cox (full model)

Regression coefficient Adjusted haza

Age at diagnosis 2.784 16.19 (8.41e3
US tumour stiffness (per kPa increase) 0.001 1.001 (0.999e
US tumour size (per mm increase) 0.018 1.02 (1.01e1.
US skin thickening
No (Reference) 0 1.00
Yes 0.419 1.52 (1.14e2.

Source of detection
Screening (Reference) 0 1.00
Symptoms 0.744 2.10 (1.49e2.

Core biopsy tumour grade
Grade 1 (Reference) 0 1.00
Grade 2 �0.037 1.02 (0.69e1.
Grade 3 0.033 1.04 (0.81e1.

ER status
Negative (Reference) 0 1.00
Positive �0.426 0.65 (0.42e1.

HER2 status
Negative (Reference) 0 1.00
Positive 0.212 1.24 (0.88e1.

PR status
Negative (Reference) 0 1.00
Positive �0.036 0.96 (0.66e1.

Pre-operative nodal metastasis
No (Reference) 0 1.00
Yes 0.594 1.81 (1.37e2.

Posterior enhancement (US)
No (Reference) 0 1.00
Yes �0.142 0.87 (0.64e1.

Comorbidities:
Chronic kidney disease 0.675 1.96 (1.44e2.
Diabetes 0.262 1.30 (0.87e1.
Cardiovascular disease 0.346 1.41 (0.91e2.
Other types of cancer 0.710 2.03 (1.12e3.

US ¼ ultrasound; NA ¼ not applicable.
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3.2. Predictor variables

Specification of candidate models for prediction of all-cause
mortality and breast cancer death are listed in Table 2. For all-
cause mortality, the full Cox model included all 15 variables with
a cubic transformation of age at diagnosis. The sub-model
comprised eight predictors including transformed age at diag-
nosis, US tumour size, US skin thickening, source of detection, ER
status, pre-operative nodal metastasis, existing CKD and other
types of cancer. For breast cancer death, variable transformation
e mortality.

Cox (sub-model)

rd ratio (95% CI) Regression coefficient Adjusted hazard ratio (95% CI)

1.16) 2.804 16.51 (8.76e31.12)
1.003) NA NA
03) 0.020 1.02 (1.01e1.03)

0 1.00
03) 0.445 1.56 (1.17e2.07)

0 1.00
97) 0.759 2.14 (1.52e3.00)

NA NA
52) NA NA
35) NA NA

0 1.00
01) �0.469 0.63 (0.47e0.83)

NA NA
73) NA NA

NA NA
41) NA NA

0 1.00
40) 0.635 1.89 (1.44e2.47)

NA NA
18) NA NA

67) 0.714 2.04 (1.50e2.77)
95) NA NA
18) NA NA
70) 0.709 2.03 (1.12e3.68)
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was not needed. The two full models included all 15 variables,
while the sub-models included seven predictors which were US
tumour size, US skin thickening, source of detection, core biopsy
tumour grade, ER status, pre-operative nodal metastasis, and
existing CKD. The regression coefficients and adjusted hazard ratios
are presented in Table 3 (Cox models for all-cause mortality), 4
(cause-specific Cox models for breast cancer death) and 5 (Fine-
Gray models for breast cancer death), respectively (see Tables 4 and
5).
3.3. Predictive performance

For the prediction of all-cause mortality (see Figs. 1e2), the two
models performed similarly in terms of calibration, while the Cox
sub-model had slightly better discrimination ability. The AUC re-
mains at around 0$82 to 0$85 in the prediction of all-cause mor-
tality during the first 7 years, and then reduces to around 0$75
when predicting the mortality risk at year 8 and 9.

For the prediction of breast cancer death (see Figs. 3e4), the two
sub-models (cause-specific Cox sub-model& Fine-Gray sub-model)
performed better in discrimination ability than the two full models.
The AUC was above 0.91 for the predictions of year 1e3, was in
between 0.80 and 0.90 for the predictions of year 4e6, was 0.77 for
year 8, and 0.73 for year 9. All 4 models calibrated well when
Table 4
Regression coefficients and adjusted hazard ratios (95% confidence intervals) for cause-s

Predictor variables Cause-specific Cox (full model)

Regression coefficient Adjusted haz

Age at diagnosis �0.001 1.00 (0.99e1
US tumour stiffness (per kPa increase) 0.003 0.999 (0.997
US tumour size (per mm increase) 0.028 1.03 (1.01e1
US skin thickening
No (Reference) 0 1.00
Yes 0.708 2.03 (1.36e3

Source of detection
Screening (Reference) 0 1.00
Symptoms 0.947 2.58 (1.47e4

Core biopsy tumour grade
Grade 1 (Reference) 0 1.00
Grade 2 1.589 4.90 (0.67e3
Grade 3 1.898 6.67 (0.90e4

ER status
Negative (Reference) 0 1.00
Positive �0.328 0.72 (0.39e1

HER2 status
Negative (Reference) 0 1.00
Positive 0.103 1.11 (0.71e1

PR status
Negative (Reference) 0 1.00
Positive �0.321 0.73 (0.41e1

Pre-operative nodal metastasis
No (Reference) 0 1.00
Yes 1.022 2.78 (1.90e4

Posterior enhancement (US)
No (Reference) 0 1.00
Yes �0.268 0.76 (0.49e1

Comorbidities:
Chronic kidney disease 0.721 2.06 (1.21e3
Diabetes 0.005 1.01 (0.43e2
Cardiovascular disease 0.281 1.32 (0.63e2
Other types of cancer 0.310 1.00 (0.99e1

US ¼ ultrasound; NA ¼ not applicable (variable is excluded from the sub-model).
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predicting the risk of breast cancer death from year 1 to year 6. For
the prediction at year 7, 8 and 9, overestimation of the risk of breast
cancer death was observed in all 4 models, but only in the top risk
decile. The two full models underestimated the 9-year risk of breast
cancer death in the second-high risk decile, but the two sub-models
still calibrated well. Overall, the cause-specific Cox sub-model
performed the best among the 4 models.

Figs. 5 and 6 show a sensitivity analysis for the cause specific cox
sub-model including and excluding US skin thickening. The model
including US skin thickening had slightly superior performance.
4. Discussion

We have shown that a model based on widely available and
clinically standard preoperative factors (clinical presentation, im-
aging and biomarkers) can predict cause specific mortality with a
time dependent AUC above 0$91 from diagnosis to 3 yrs and above
0.80 out to 6 years of follow-up, the time of median follow-up of
women in this study. The parameters included in this modelling
bear individual scrutiny.

Although the US size of cancers is routinely stated in reports, the
presence of skin thickening, and distal enhancement may not be.
These features are, however, easily assessed on retrospective
analysis of clinically routinely saved images (as in this study). Skin
pecific Cox models predicting breast cancer death.

Cause-specific Cox (sub-model)

ard ratio (95% CI) Regression coefficient Adjusted hazard ratio (95% CI)

.01) NA NA
e1.003) NA NA
.05) 0.030 1.03 (1.01e1.05)

0 1.00
.02) 0.708 2.03 (1.38e2.99)

0 1.00
.53) 0.996 2.71 (1.56e4.70)

0 1.00
5.93) 1.695 5.44 (0.75e39.76)
9.52) 1.965 7.14 (0.97e52.73)

0 1.00
.33) �0.577 0.56 (0.37e0.85)

NA NA
.73) NA NA

NA NA
.28) NA NA

0 1.00
.06) 1.071 2.92 (2.02e4.21)

NA NA
.20) NA NA

.49) 0.727 2.07 (1.26e3.39)

.35) NA NA

.76) NA NA

.01) NA NA



Table 5
Regression coefficients and adjusted sub-distribution hazard ratios (95% confidence intervals) for Fine-Gray models predicting breast cancer death.

Predictor variables Fine-Gray (full model) Fine-Gray (sub-model)

Regression coefficient Adjusted hazard ratioa (95% CI) Regression coefficient Adjusted hazard ratioa (95% CI)

Age at diagnosis �0.009 0.991 (0.98e1.01) NA NA
US tumour stiffness (per kPa increase) 0.003 1.003 (1.000e1.010) NA NA
US tumour size (per mm increase) 0.026 1.03 (1.01e1.04) 0.027 1.03 (1.01e1.04)
US skin thickening
No (Reference) 0 1.00 0 1.00
Yes 0.647 1.91 (1.23e2.96) 0.610 1.84 (1.22e2.78)

Source of detection
Screening (Reference) 0 1.00 0 1.00
Symptoms 0.825 2.28 (1.28e4.06) 0.881 2.41 (1.38e4.23)

Core biopsy tumour grade
Grade 1 (Reference) 0 1.00 0 1.00
Grade 2 1.686 5.39 (0.73e39.62) 1.755 5.78 (0.79e42.39)
Grade 3 2.029 7.61 (1.02e56.72) 2.094 8.12 (1.09e60.55)

ER status
Negative (Reference) 0 1.00 0 1.00
Positive �0.308 0.73 (0.38e1.42) �0.584 0.56 (0.36e0.85)

HER2 status
Negative (Reference) 0 1.00 NA NA
Positive 0.082 1.09 (0.65e1.81) NA NA

PR status
Negative (Reference) 0 1.00 NA NA
Positive �0.345 0.71 (0.39e1.29) NA NA

Pre-operative nodal metastasis
No (Reference) 0 1.00 0 1.00
Yes 0.970 2.64 (1.78e3.92) 1.036 2.82 (1.90e4.17)

Posterior enhancement (US)
No (Reference) 0 1.00 NA NA
Yes �0.313 0.73 (0.45e1.18) NA NA

Comorbidities:
Chronic kidney disease 0.554 1.74 (0.94e3.21) 0.381 1.46 (0.84e2.55)
Diabetes �0.197 0.82 (0.33e2.02) NA NA
Cardiovascular disease 0.104 1.11 (0.51e2.40) NA NA
Other types of cancer 0.012 1.01 (0.25e4.16) NA NA

US ¼ ultrasound; NA ¼ not applicable (variable is excluded from the sub-model).
a The hazard ratios from the Fine-Gray models are sub-distribution hazard ratios, which represent the effect of the covariates on the cumulative incidence of breast cancer

death.

Fig. 1. Time-dependent AUC for prediction of all-cause mortality.
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Fig. 2. Calibration plot for prediction of all-cause mortality at 1e9 years.
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thickening has been shown to have excellent reproducibility
[13e15] while studies of inter-observer variability of distal
enhancement show moderate to substantial agreement (kappa
values 0.45e0.64) [31e33]. This reproducibility profile compares
favourably with those of histological grade. Routine reporting of
these features would take little effort or resources, particularly if
added at the time of US scanning.

Core biopsy grade has been shown to correlate well both with
final histological grade in women undergoing immediate surgery
17
and with breast cancer specific survival. This is despite approxi-
mately 25% of ductal carcinomas of no specific type with a core
grade of 2 being upgraded on excision to grade 3 [3,4,10]. A
metanalysis of core biopsy vs. surgical grade showed moderate
agreement (kappa 0.54) [34]. The commonest reason for upgrade is
underestimation of the mitotic count. However suggested alter-
ations to grading practice for core biopsies to improve concordance
have not gained wide-spread acceptance [35]. Grading of breast
cancer surgical specimens showmoderate to substantial agreement



Fig. 3. Time-dependent AUC for prediction of breast cancer death.

H. Wang, P. Donnan, E.J. Macaskill et al. The Breast 61 (2022) 11e21
(kappa 0.48e0.53) [36,37]. Interobserver agreement of core biopsy
estimated grade is likely to be similar or poorer.

Preoperative diagnosis of nodal metastasis in this study was
established by core biopsy using an US node cortical thickness
threshold for biopsy of 2$3 mm. In response to the ACOSOG Z0011
(Alliance) Trial and concerns by breast surgeons that axillary
clearance in women with low burden disease represents over
treatment, we have increased our cut-off value for US cortical
thickness to prompt a biopsy to 3 mm to try and reduce preoper-
ative node biopsy of those with low volume axillary disease. We
think such a change in practice is unlikely to significantly affect the
prognostic value of axillary core biopsy of suspicious nodes as those
with high volume disease, who have poor outcomes will still be
biopsied. It is notable that the survival of women with a positive
axillary core biopsy is substantially poorer than in women with a
positive sentinel node biopsy [10]. Some centres have responded to
the Z0011 study by stopping performing axillary US in the absence
of palpable nodes in the axilla. The preoperative index suggested by
this study could not therefore be used in such centres.

This study has a number of limitations. It is a single centre study.
Although most factors were collected prospectively, some, such as
the US features and comorbidities were collected retrospectively.
The findings have undergone internal validation, but external
validation would also be helpful. The database which identified the
cases was based on US findings. A small proportion of cancers are
not visible on US (<5%) and would therefore not be included in this
study. However, US occult invasive cancers tend to be small and
have good outcomes, so this is unlikely to have introduced signif-
icant bias. One of the useful aspects of Predict is the estimation of
future benefit from endocrine therapy, chemotherapy and biolog-
ical agents. The model we present does not do this; it only predicts
survival so this is a limitation. It would be possible in the future to
include individual benefit from chemotherapy and HER-2 agents
using the proposed model, by applying the benefits found in Early
18
Breast Cancer Trialists Collaborative Group (EBCTCG) regarding
chemotherapy benefit [38]. This is because the use of chemo-
therapy and HER-2 agents is known in our study group. It is noted
that the EBCTCG are currently working on the benefits of trastu-
zumab and other anti-HER 2 agents. In the meantime, results of
other metanalyses of the benefit of trastuzumab could be used [39].
We think including benefits from chemotherapy and trastuzumab
would be premature at present but would be useful once we have
longer follow-up and the issue of overestimating risk in high risk
women has been resolved. A decision curve analysis once these
limitations have been addressed would be useful. Another limita-
tion is that the model currently overestimates risk in women with
highest 10% of scores.

The model, once externally validated and incorporating treat-
ment data could be able to help oncologists regarding the appro-
priateness of giving NACT. NACT is given preoperatively to down
stage the breast and also to down stage the axilla. Most centres
howeverwould not give NACT if they thought chemotherapywould
not be required adjuvantly if the patient underwent immediate
surgery, or if a lower toxicity regimen could be used adjuvantly
[40]. Currently there is no method of combining preoperative fac-
tors prior to surgery to estimate in a scientific way the prognosis of
the tumour. Core grade, immunohistochemistry, nodal imaging and
biopsy findings and clinical and imaging size are evaluated
empirically, and a decisionmade. US skin thickening, patient source
and renal function, though known to effect prognosis, are not
usually considered in such discussions. A model where a patient's
prognosis can be estimated accurately and reproducibly prior to
surgery is likely to lead to better decision making. It would be
possible to construct aweb-based, pre-operative predictor of breast
cancer survival which could be used by clinicians during the multi-
disciplinary teammeeting. Such aweb-based tool could be updated
and refined as further patient series are incorporated and as longer
follow-up data becomes available.



Fig. 4. Calibration plot for prediction of breast cancer death at 1e9 years.

Fig. 5. Time-dependant AUC sensitivity analysis of breast cancer death comparing the cox sub-analysis with and without US skin thickening.
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Fig. 6. Calibration plot for prediction of breast cancer death for sensitivity analysis with and without US skin thickening.
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5. Conclusion

We propose a pre-operative prognostic model for women pre-
senting with invasive breast cancer which when externally vali-
dated and when it includes treatment information, could be used
when planning treatment and to counsel patients.
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