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ABSTRACT 
Pathological complete response (pCR) can be predicted by pretreatment, which can help with treatment planning 
for patients with breast cancer who are treated with neoadjuvant chemotherapy. The GSE20194 dataset was used 
for this retrospective secondary analysis, and the molecular assessments were limited to the assessment of Ki-67, 
CD4, CD8, and PD-L1, with the status of estrogen receptor (ER), progesterone receptor (PR) and HER2 retained 
for classification of the receptor classes. A total of 29 replicate and 19 quality-excluded arrays were removed, 
leaving 230 patients: 130 in the training group and 100 in the locked validation group. Forty-eight patients (20.9%) 
achieved pCR. The expression measure for MKI67, CD4 and CD8A was provided by GPL96 and no CD274 probe 
set was present, so that PD-L1 was not estimated or used as a proxy. A repeated stratified ten-fold cross-validated 
penalised logistic model included the three available marker expressions and ER, PR and HER2 status. The results 
were obtained by training out-of-fold AUC of .808. The locked validation AUC was .775 with .800 sensitivity and 
.729 specificity and a Brier score of .186 at the threshold of .499. The AUC for the receptor-only validation set 
was .811, while the available-marker-only validation set was .645. The findings are in favor of an ‘integrated’ 
marker approach but not for a full 4 marker panel as PD-L1 was not represented on the platform. 1) an external 
validation in a cohort of all four markers is necessary. 
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1. INTRODUCTION 
1.1 Background and clinical context 
Breast cancer is still a health issue worldwide and 
the most common cancer in women. About 2.4 
million women were diagnosed with the disease and 
694,000 women died of it in 2024, and inequalities 
in access to timely diagnosis and treatment (World 
Health Organization, 2026). In the clinic, breast 
cancer is not a single disease, as the expression of 
estrogen receptor, progesterone receptor, and HER2 
results in biologically distinct subtypes with 
different prognosis and treatment sensitivity (Zhao 
et al., 2024). Neoadjuvant chemotherapy is used 
prior to definitive surgery to reduce the size of the 
tumour, to make it easier to operate on, to increase 
the chance of breast conserving surgery, and to 
assess in vivo response to treatment. It has a well-
defined place in high-risk HER2+ and triple-
negative disease, with pathological response 
providing direction for further escalation or de-
escalation of systemic therapy (Dowling et al., 
2023). But the answer is not uniform, some tumours 
are cured, others are resistant and patients are made 
toxic without gaining anything. Predicting response 
prior to surgery may thus guide treatment selection, 
allow for earlier adjustment of ineffective treatment, 
guide surgical planning, and identify patients who 
need more aggressive post-neoadjuvant therapy. An 

accurate pretreatment model is therefore crucial for 
individual decision making and effective utilization 
of oncology resources. 
1.2 Pathological Complete Response 
Pathological complete response is achieved when 
there is no residual invasive carcinoma in the 
resected breast or regional lymph nodes after 
neoadjuvant treatment (ypT0/Tis ypN0) (Dowling et 
al., 2023). Patients who do not fall into this category 
have residual disease, which may be microscopic 
foci or involve tumour and/or nodal involvement. 
Event-free and overall survival are better for those 
with pCR, which reflects chemosensitivity, and for 
those with residual disease, which reflects 
recurrence risk. In a study of stage, I triple-negative 
breast cancer, 97% of patients with pCR survived for 
5 years compared with 90% of those without pCR 
(de Graaf et al., 2025). However, the frequency and 
prognosis of pCR is not the same for all subtypes. 
Rates are typically higher in triple-negative and 
HER2-positive cancers treated with targeted 
therapy, and lower in hormone-receptor-
positive/HER2-negative disease, highlighting the 
importance of subtype-aware prediction (Zhao et al., 
2024). 
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1.3 Focused Tumour Markers and Receptor 
Classification 
Clinically relevant receptor phenotypes are 
determined by ER, PR and HER2 status, showing 
varying treatment sensitivity and pCR rate (Zhao et 
al., 2024). For these receptor-defined groups, this 
study involves just four pretreatments markers: Ki-
67, a proliferation marker, CD4 and CD8, both 
markers of helper and cytotoxic T-cell infiltration, 
and PD-L1, an immune-checkpoint marker. These 
markers, in combination, reflect tumour 
proliferation and specific elements of antitumour 
immunity, and are repeatedly associated with the 
response to neoadjuvant treatment (Derouane et al., 
2022; Fernandez-Martinez et al., 2023). The 
interpretation is dependent on the assay; gene-
expression measurements are proxies of the level of 
expression and cannot be converted to an 
immunohistochemistry protein score. A focused 
model should then present clearly specified 
measurements, maintain the ER/PR/HER2 
classification and make explicit where a marker is 
not available on the source platform. 
These markers, in combination, reflect tumour 
proliferation and specific elements of antitumour 
immunity, and are repeatedly associated with the 
response to neoadjuvant treatment (Derouane et al., 
2022; Fernandez-Martinez et al., 2023; Kumar, 
n.d.). 
1.4 Research Gap 
The majority of pCR models are based on large 
clinical and/or molecular panels, with the challenge 
of distinguishing the role of a small clinically 
interpretable marker set. CD4, CD8 and PD-L1 were 
also not considered as candidate molecular variables 
in the earlier analysis. The present focused re-
analysis aimed to solve this mismatch by restricting 
the planned molecular panel to the expression of Ki-
67, CD4, CD8 and PD-L1, preserving the receptor 
classification based on ER and PR and HER2, 
documenting platform availability prior to 
modelling, and not changing the validation cohort, 
which was defined by the source. This is also 
required to avoid silent imputation or substitution of 
biologically distinct immune genes. 
1.5 Study Aim and Objectives 
Objectives: To evaluate the focused marker panel of 
Ki-67, CD4, CD8 and PD-L1 as a potential predictor 
of pathological complete response (pCR) following 
neoadjuvant chemotherapy (NAC) in ER/PR/HER2 
breast cancer. To (1) assign each requested marker to 
the GPL96 platform and report its availability, (2) 
explore univariable associations between the 
measurable markers and pCR, (3) create a narrowed 
model with available marker expression and ER, PR 
and HER2 status, (4) assess discrimination and 
calibration in the locked validation cohort, and (5) 
describe the performance of the model within 
ER/PR/HER2 derived receptor phenotypes. There 

were no markers that were not measured to be 
imputed or represented by a substitute gene. 
2. MATERIALS AND METHODS 
2.1 The study design and reporting framework 
This study was still a retrospective secondary 
analysis of a de-identified cohort and observation 
prediction-model development and validation study. 
No treatment was given. Ki-67, CD4, CD8 and PD-
L1 were the only proposed molecular markers for 
the focused reanalysis, and ER, PR and HER2 were 
the remaining markers for receptor-based 
classification. Model estimation was performed after 
determining platform feasibility. Only the source-
designated validation cohort was locked, all 
outcome informed model development was 
restricted to training cohort. Reporting continued to 
be done according to TRIPOD+AI/STROBE 
guidelines (Collins et al., 2024; EQUATOR 
Network, 2026). 
2.2 The study's data source and setting 
The data were downloaded from the National Centre 
for Biotechnology Information Gene Expression 
Omnibus (GEO) series GSE20194. These are the 
MAQC-II breast-cancer series provided by the 
University of Texas MD Anderson Cancer Centre, 
Houston. The GPL96 Affymetrix Human Genome 
U133A platform was used to measure gene 
expression. The specimens were fine-needle 
aspirates from newly diagnosed stage I–III tumours, 
with a high proportion of neoplastic cells. The 
source participants were recruited sequentially from 
2000 to 2008 as part of a pharmacogenomic marker 
discovery study and then treated with neoadjuvant 
chemotherapy and surgery. GEO lists 230 cancers 
that can be analysed, 130 of which are used for 
training and 100 for independent validation 
(National Centre for Biotechnology Information, 
2022). 
2.3 Study Population and Eligibility Criteria 
Documented stage I–III breast cancer, available 
pretreatment tumour specimen, received 
neoadjuvant chemotherapy, completed surgery with 
pathological response assessment, known pCR or 
residual-disease outcome, and source training or 
validation designation were required for eligibility. 
Eligibility was defined based on clinical annotation, 
not on the basis of expression patterns. Technical 
replicates were excluded from the analysis to ensure 
that only one independent observation per patient 
was included. Records that were flagged by the 
source quality control process, records with no 
response data, and records that were not able to be 
matched across clinical, expression, and platform 
files were also excluded. No patients were excluded 
due to missing predictor values, but missingness was 
dealt with analytically as described below. 
2.4 Secondary Data Extraction and Focused 
Marker Mapping 
The GSE20194 clinical annotation workbook, 
complete processed series matrix and GPL96 
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annotation were obtained from GEO. GSM 
accessions were standardised and used to link 
clinical and expression records. A total of 29 
replicate arrays were rejected and 19 arrays with 
poor quality data were excluded in the sources, 
leaving 230 independent arrays. The entire matrix 
was tested for exact gene-symbol mappings for 
MKI67, CD4, CD8A and CD274, which were not 
restricted to the 19-gene worksheet used in the 
previous analysis. Both clinical values and GEO-
processed expression intensities have been kept as 
supplied without the addition of any marker value 
that was not present, back-calculated or substituted. 
Table 1. Derivation of the analysis sample and 
source-designated cohort partition 

Stage or 
cohort 

Total
, n 

pCR
, n 

Residua
l 

disease, 
n 

pCR 
rate 

GEO 
array 

records 
screened 

278 — — — 

Replicate 
arrays 

excluded 

29 — — — 

Quality-
excluded 
arrays 

removed 

19 — — — 

Training 
cohort 

130 33 97 25.4
% 

Validation 
cohort 

100 15 85 15.0
% 

Final 
analysis 
sample 

230 48 182 20.9
% 

Note. pCR = pathological complete response. 
Exclusion categories are mutually exclusive. The 
validation cohort was preserved exactly as 
designated by the source. 
2.5 Outcome Definition 
This resulted in pathological complete response 
following neoadjuvant chemotherapy. As defined in 
the source, at surgery there was no residual invasive 
cancer in either the breast or lymph nodes, according 
to pCR. Residual disease meant that there was still 
some invasive cancer in the breast, the lymph nodes 
or both. For modelling, pCR was coded as a binary 
variable (1 if pCR was achieved, 0 if residual disease 
was present). If the responses were unclear or not 
provided, these were not included in the analysis. 
2.6 Focused Markers and ER/PR/HER2 
Classification 
The planned molecular panel only included Ki-67 
(MKI67), CD4, CD8 (CD8A) and PD-L1 (CD274). 
If a gene represented multiple GPL96 probe sets that 
were each mapped exactly, the probe with the largest 
interquartile range over the 230 analysis cases was 
chosen (without employing response labels). This 
outcome-blind rule selected 212022_s_at for 
MKI67, 203547_at for CD4 and 205758_at for 
CD8A. No probe set in the GPL96 annotation was 
mapped to CD274 and it was not a patient-level 
missing value, so it was not substituted in numerical 
modelling (National Center for Biotechnology 
Information, 2021). There were no changes in ER, 
PR or HER2 status and the four descriptive receptor 
subphenotypes were defined as HR+/HER2-, 
HR+/HER2+, HR-/HER2+ and triple-negative 
(defined as HR negative). The focused combined 
model included the three marker expressions and 
binary ER, PR and HER2 status. 

Table 2. Focused markers, ER/PR/HER2 
classification, operational coding, and model 
handling 

Domain Variables Operatio
nal 

coding 

Model 
handling 

Receptor 
classificat

ion 

ER, PR 
and 

HER2 
status 

Binary 
status; 

HR 
defined 
as ER or 

PR 
positive 

Retained 
as model 
terms and 

used to 
define 

receptor 
phenotyp

es 

Proliferat
ion 

marker 

Ki-67: 
MKI67 / 
212022_s

_at 

Continuo
us GEO-
processed 
expressio

n 

Training-
derived 
centring 

and 
scaling 

Helper T-
cell 

marker 

CD4 / 
203547_a

t 

Continuo
us GEO-
processed 
expressio

n 

Training-
derived 
centring 

and 
scaling 

Cytotoxic 
T-cell 

marker 

CD8: 
CD8A / 

205758_a
t 

Continuo
us GEO-
processed 
expressio

n 

Training-
derived 
centring 

and 
scaling 
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Immune-
checkpoin
t marker 

PD-L1: 
CD274 

No 
CD274 

probe set 
on 

GPL96 

Unavaila
ble; 

excluded 
without 

imputatio
n or 

substituti
on 

Outcome pCR 
versus 

pCR = 1; 
residual 

Binary 
logistic 
target 

residual 
disease 

disease = 
0 

Note. ER = oestrogen receptor; PR = progesterone 
receptor; HER2 = human epidermal growth factor 
receptor 2; HR = hormone receptor; MKI67 = Ki-
67 gene; CD8A = CD8 alpha-chain gene; CD274 = 
PD-L1 gene; IQR = interquartile range. Expression 
values are transcript-level proxies, not IHC protein 
scores. PD-L1 was unavailable because GPL96 has 
no CD274 probe set. 

2.7 Data Preprocessing and Missing-Data 
Management 
Complete binary ER, PR and HER2 status, as well 
as complete MKI67, CD4 and CD8A expression 
measurement, were used in the focused analysis. 
PD-L1 was not imputed as patient level missing data 
but was classified at the platform level. There were 
no imputations needed for an outcome or focused 
predictor. The three expression variables were 
centred and scaled in each split of cross validation 
by subtracting the analysis-fold mean and dividing 
by the analysis-fold standard deviation; ER, PR and 
HER2 indicators were kept binary. Without further 
tuning the full training scaling parameters were then 
mapped to the locked validation cohort. 
2.8 Partitioning of the sample size and data set 
Essentially, there were 230 patients in the secondary 
data set: 130 source-designated training and 100 
source-designated validation. Table 1 indicates that 
48 patients had pCR and 182 residual disease; 33 and 
15 in training and 15 and 85 in validation, 
respectively. In this way, the prevalence of pCR was 
20.9% in general and varied depending on partitions. 
The small number of events limited the complexity 
of the models and class imbalance could lead to 
erroneous raw accuracy. Stratified resampling, 
class-weighted estimates and balanced performance 
measures were thus prespecified. No random 
repartition or expansion of sample-size was done 
post hoc. 
2.9 Focused Model Development 
The focused candidate set contained six estimable 
terms: MKI67, CD4 and CD8A expression plus ER, 
PR and HER2 status. Although a penalised logistic-
regression framework was chosen, only 33 pCR 
events were available in training and the three 
receptor indicators and immune/proliferation 
measurements were correlable. Full retention of 
clinical question (four markers): CD274 remained 
matched instead of STAT1, CXCL9, PD-L2 or any 
other immune transcript. 
Repeated stratified ten-fold cross-validation was 
performed on the 130 training cases to evaluate the 
elastic-net mixing parameter and the regularisation 
strength that yielded the inverse. Mixing values were 
varied between 0 and 1 and the C values were varied 

between .01 and 10. Main tuning criterion was mean 
out-of-fold log loss; secondary tuning criterion was 
ROC AUC. Outcome imbalance was countered by 
inverse-frequency class weights. Tuning chose a 
mixing value of 0 and C = .30; as a result, the final 
“fitted” model was the ridge boundary of this elastic-
net grid. The classification cut-off (.499) was 
determined by out-of-fold model training 
predictions by maximising the Youden index. 
Then, for each train case (all 130 cases), the model 
coefficients were fitted once after tuning and 
preprocessing. For the focused model, all 6 
estimable terms were in the model. Individual pCR 
probabilities were obtained with the inverse-logit 
transformation of the model intercept and weighted 
predictors. For validation, no refitting, recalibration, 
feature replacement or threshold revision was done. 
2.10 Model Performance and validation 
ROC AUC used a 95% confidence interval to 
quantify discrimination. Sensitivity, specificity, 
accuracy, positive predictive value and negative 
predictive value were included at the locked 
threshold with CIs. In case of imbalance, supportive 
metrics were balanced accuracy and precision-recall 
AUC. 
The examination of calibration was performed with 
the help of the a smoothed observed-versus-
predicted calibration plot. Calibration intercept 
measured systematic over- or under-prediction, 
calibration slope was an evaluation of unwarranted 
or inadequate prediction variability, and Brier value 
was a measurement of the overall probabilistic error. 
Repeated stratified ten-fold cross-validation was 
used to estimate the optimism-corrected training 
performance. Validation metrics were created with 
2,000 patient-level bootstrap resamples to construct 
ninety-five percent confidence intervals. 
The model locked only applied to 100 of the cases in 
the validation group. The selection of a refitting, 
recalibration, feature replacement, preprocessing 
revision or threshold selection were not permitted in 
validation (Riley et al., 2024). If both pCR and 
residual-disease outcomes were available, 
descriptive subgroup AUCs were computed for 
HR+/HER2-, HR+/HER2+, HR-/HER2+ and triple-
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negative phenotypes. Subgroup analysis results were 
not used to change the model. 
2.11 Process of conducting statistical analysis and 
using software 
Gaussian (continuous) variables were summarised 
as mean (SD) or median (IQR) and categorical 
variables as counts and percentages. The Welch's t 
test was used to compare marker distributions 
between cohorts. Univariable logistic regression was 
used to calculate unadjusted odds ratios with 95% 
CIs. The performance intervals for model 
discrimination and classification and calibration 
have been assessed as indicated above, using 2000 
patient-level bootstrap resamples. Analyses were 
conducted in Python 3.12 with pandas, NumPy, 
SciPy and scikit-learn, all with fixed random seeds 
to ensure reproducibility (Python Software 
Foundation, 2026). 
2.12 Data Governance and Ethical considerations 
The GSE20194 consists of deidentified, publicly 
available secondary data; no direct interaction with 
the patients and no identifiers and confidential data 
were gathered (National Centre for Biotechnology 
Information, 2022). The GEO repository conditions 
were applied to files.  
3. RESULTS 
3.1 Patient Selection and Cohort Formation. 
There were 278 records of GEO arrays within the 
source workbook. Upon elimination of 29 replicate 
arrays, 249 unique records were left; another 19 
arrays with source quality-exclusion designation 
were eliminated. The confirmed analytic sample 
thus consisted of 230 patients, which represented 
82.7 per cent of the records that were first screened. 
Among them, 130 (56.5) were the prespecified 
training cohort and 100 (43.5) were the locked 
validation cohort. Table 3 reports the arithmetic and 
cohort denominators, and Figure 1 reports the 
respective patient-selection pathway. The exclusion 
of the sources did not take away any patient based 
on outcome or predictor value. 
Table 2. Patient selection and cohort formation 

Selection stage n Percentage 

Initial GEO array 
records 

278 100.0% of 
initial 

Replicate records 
excluded 

29 10.4% of 
initial 

Unique records after 
replicate removal 

249 89.6% of 
initial 

Quality-excluded 
records 

19 7.6% of 249 

Final analytic sample 230 82.7% of 
initial 

Training cohort 130 56.5% of 
final 

Validation cohort 100 43.5% of 
final 

Note. Percentages for training and validation cohorts 
use the final analytic sample as the denominator. 

 
Figure 1. Patient-selection flow diagram 
3.2 Baseline Patient, Tumour and Treatment 
Characteristics 
Table 4 displays the baseline characteristics and 
Figure 2 presents a visual comparison. Mean age 
was 52.02 years (SD = 10.75), and 153 patients 
(66.5%) were White. The most common tumour 
category was T2 disease (57.4%), 164 patients 
(71.3%) were node positive, 123 (53.5%) had grade 
3 tumours and 181 (78.7%) had pure invasive ductal 
carcinoma. ER, PR and HER2 positivity occurred in 
61.3%, 45.2% and 17.4%, respectively. TFAC was 
administered to most patients (78.3%). There were 
no differences between training and validation 
cohorts in terms of age, race, T stage, N stage, ER or 
PR status (all Sig. > .05). The largest non-significant 
imbalances involved grade 3 disease (58.5% versus 
47.0%, Sig. = .084) and pure IDC (74.6% versus 
84.0%, Sig. = .085). HER2 positivity was higher in 
the training set compared to the validation set (Sig. 
< .001). There was also a difference in the regimen 
distributions (Sig. < .001): TFAC received 96.2% of 
training treatment but 55.0% of validation treatment, 
whereas the seven validation regimens were 
unknown. 
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Table 3. Baseline patient, tumour, and treatment 
characteristics 

Characteris
tic 

Over
all (N 

= 
230) 

Traini
ng (n 
= 130) 

Validati
on (n = 

100) 

Sig
. 

Age, years, 
mean (SD) 

52.02 
(10.7

5) 

52.43 
(11.44

) 

51.48 
(9.81) 

.49
9 

Race: White 153 
(66.5) 

85 
(65.4) 

68 
(68.0) 

.84
9 

↳ Black 25 
(10.9) 

13 
(10.0) 

12 
(12.0) 

— 

↳ Hispanic 34 
(14.8) 

21 
(16.2) 

13 
(13.0) 

— 

↳ 
Asian/other 

18 
(7.8) 

11 
(8.5) 

7 (7.0) — 

T stage: T0–
1 

23 
(10.0) 

13 
(10.0) 

10 
(10.0) 

.60
9 

↳ T2 132 
(57.4) 

70 
(53.8) 

62 
(62.0) 

— 

↳ T3 34 
(14.8) 

21 
(16.2) 

13 
(13.0) 

— 

↳ T4 41 
(17.8) 

26 
(20.0) 

15 
(15.0) 

— 

N stage: N0 66 
(28.7) 

39 
(30.0) 

27 
(27.0) 

.93
5 

↳ N1 107 
(46.5) 

60 
(46.2) 

47 
(47.0) 

— 

↳ N2 27 
(11.7) 

14 
(10.8) 

13 
(13.0) 

— 

↳ N3 30 
(13.0) 

17 
(13.1) 

13 
(13.0) 

— 

Grade: 
Grade 1–2 

107 
(46.5) 

54 
(41.5) 

53 
(53.0) 

.08
4 

↳ Grade 3 123 
(53.5) 

76 
(58.5) 

47 
(47.0) 

— 

Histology: 
Pure IDC 

181 
(78.7) 

97 
(74.6) 

84 
(84.0) 

.08
5 

↳ 
Other/comb

ined 

49 
(21.3) 

33 
(25.4) 

16 
(16.0) 

— 

ER status: 
Negative 

89 
(38.7) 

50 
(38.5) 

39 
(39.0) 

.93
4 

↳ Positive 141 
(61.3) 

80 
(61.5) 

61 
(61.0) 

— 

PR status: 
Negative 

126 
(54.8) 

77 
(59.2) 

49 
(49.0) 

.12
2 

↳ Positive 104 
(45.2) 

53 
(40.8) 

51 
(51.0) 

— 

HER2 
status: 

Negative 

190 
(82.6) 

97 
(74.6) 

93 
(93.0) 

< 
.00
1 

↳ Positive 40 
(17.4) 

33 
(25.4) 

7 (7.0) — 

Regimen: 
TFAC 

180 
(78.3) 

125 
(96.2) 

55 
(55.0) 

< 
.00
1 

↳ Non-
TFAC 

43 
(18.7) 

5 (3.8) 38 
(38.0) 

— 

↳ Unknown 7 
(3.0) 

0 (0.0) 7 (7.0) — 

Note. Values are n (%) unless otherwise stated. Sig. 
values are from Welch’s independent-samples t-test 
for age and Pearson chi-square tests for categorical 
variables. IDC = invasive ductal carcinoma; TFAC 
= paclitaxel followed by fluorouracil, doxorubicin, 
and cyclophosphamide. 

 
Figure 2. Comparison of baseline characteristics 
between cohorts 
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3.3 Distribution of Pathological Response 
In total, 48/230 patients achieved pCR (20.9%) 
while 182 (79.1%) had residual disease as reported 
in Table 5. There were 33 pCR events (25.4%) in the 
training cohort and 15 pCR events (15.0%) in the 
validation cohort, while there were 97 and 85 
residual-disease outcomes in the training and 
validation cohorts, respectively. There was a 

difference of 10.4 percentage points in absolute 
pCR-rate. The score difference between cohorts was 
close to being significant at the .05 level (Pearson 
Sig. = .055). These proportions are shown in Figure 
3 and the imbalance between classes is made 
obvious. For this reason, accuracy was taken into 
account as well as discrimination, class-specific 
performance and calibration. 

Table 4. Distribution of pathological response 
Respon

se 
Over
all (N 

= 
230) 

Traini
ng (n = 

130) 

Validati
on (n = 

100) 

Pears
on 

Sig. 

pCR 48 
(20.9) 

33 
(25.4) 

15 
(15.0) 

.055 

Residu
al 

disease 

182 
(79.1) 

97 
(74.6) 

85 
(85.0) 

— 

Note. Values are n (%). pCR = pathological complete 
response. 

 
Figure 3. Pathological-response distribution by 
cohort 

3.4 Focused Marker Availability, Distribution 
and Missingness 
The four intended markers are summarised in Table 
6 and Figure 4. MKI67 expression was similar 
between training and validation (8.06 [SD 1.30] 
versus 7.90 [SD 1.31], Sig. = .349). CD4 expression 
was higher in validation (8.53 [SD .83]) than 
training (8.21 [SD 1.14], Sig. = .014), and CD8A 

expression was also higher in validation (9.50 [SD 
.96]) than training (8.50 [SD 1.27], Sig. < .001). All 
three of these were expression variables that were 
complete. PD-L1 could not be summarised because 
CD274 is not represented on GPL96. In 230 cases it 
was not available, no value was imputed or inferred 
for it. 

Table 6. Availability, distributions and missingness 
of the focused markers 

Mar
ker 

Gene / 
selecte

d 
probe 

Trai
ning 
mea

n 
(SD) 

Valid
ation 
mean 
(SD) 

Missin
g or 

unavai
lable, n 

Si
g. 

Ki-
67 

MKI67 
/ 

212022
_s_at 

8.06 
(1.30

) 

7.90 
(1.31) 

0 .3
49 

CD4 CD4 / 
203547

_at 

8.21 
(1.14

) 

8.53 
(.83) 

0 .0
14 

CD8 CD8A / 
205758

_at 

8.50 
(1.27

) 

9.50 
(.96) 

0 < 
.0
01 

PD-
L1 

CD274 
/ no 

GPL96 
probe 

set 

Not 
avail
able 

Not 
availa

ble 

230 — 

Note. Values are GEO-processed expression units. 
Sig. values are from Welch's t tests comparing 
training and validation. PD-L1 is unavailable 
because no CD274 probe set is present on GPL96; 
this is a platform-level limitation rather than 
ordinary patient-level missingness. 

 
Figure 4. Distributions of Ki-67, CD4 and CD8 
expression and documented PD-L1 platform 
availability 
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3.5 Focused Univariable Associations With pCR 
The results of the focused univariable analysis are 
presented in Table 7 and Figure 5. ER positivity was 
associated with lower odds of pCR (OR = .069, 95% 
CI [.025, .188]), as was PR positivity (OR = .182, 
95% CI [.065, .511]). HER2 positivity was 
associated with higher odds (OR = 2.502, 95% CI 
[1.065, 5.879]). Per training-cohort standard 
deviation, higher MKI67 expression had OR = 3.220 

(95% CI [1.635, 6.340]), higher CD4 expression had 
OR = 1.884 (95% CI [1.135, 3.129]), and higher 
CD8A expression had OR = 1.745 (95% CI [1.050, 
2.900]). The three marker associations were all 
significant. As there was no measurement of CD274, 
there was no estimate of PD-L1. The results 
presented are unadjusted and not effects of the final 
model. 

Table 7. Focused univariable logistic-regression 
associations with pCR in the training cohort 

Pred
ictor 

n B S.
E
. 

W
ald 

d
f 

Si
g. 

Ex
p(
B) 

95
% 
CI 
for 
Exp
(B) 

ER 
posi
tive 

1
3
0 

-
2.
67
3 

.5
1
1 

27.
40
0 

1 < 
.0
0
1 

.06
9 

.025
-

.188 

PR 
posi
tive 

1
3
0 

-
1.
70
2 

.5
2
6 

10.
46
1 

1 .0
0
1 

.18
2 

.065
-

.511 

HE
R2 
posi
tive 

1
3
0 

.9
17 

.4
3
6 

4.4
31 

1 .0
3
5 

2.5
02 

1.06
5-

5.87
9 

Ki-
67 
(M

1
3
0 

1.
16
9 

.3
4
6 

11.
44
6 

1 < 
.0

3.2
20 

1.63
5-

KI6
7), 
per 
SD 

0
1 

6.34
0 

CD4
, per 
SD 

1
3
0 

.6
34 

.2
5
9 

5.9
95 

1 .0
1
4 

1.8
84 

1.13
5-

3.12
9 

CD8 
(CD
8A), 
per 
SD 

1
3
0 

.5
57 

.2
5
9 

4.6
22 

1 .0
3
2 

1.7
45 

1.05
0-

2.90
0 

PD-
L1 

(CD
274) 

0 — — — — — — Not 
esti
mab
le 

Note. Molecular-expression effects are reported per 
one training-cohort SD. Binary receptor effects 
compare the positive category with the negative 
reference category. PD-L1 was not estimable 
because CD274 was absent from GPL96. Results are 
unadjusted. Exp(B) = odds ratio. 

3.6 Focused Final Model and Coefficients 
Repeated training-cohort tuning chose a ridge model 
based on elastic-net grid (mixing value = 0; C = .30). 
All six honorable words were retained (Table 8). ER 
positivity had the largest absolute coefficient (B = -
1.196), followed by MKI67 expression (B = .654), 
PR positivity (B = -.569), HER2 positivity (B = 
.335), CD4 expression (B = .229) and CD8A 
expression (B = .036). The fitted intercept was .434. 

Using training-standardised expression values, the 
linear predictor was: logit(pCR) = .434 + 
.654z(MKI67) + .229z(CD4) + .036z(CD8A) - 
1.196(ER+) - .569(PR+) + .335(HER2+). The 
predicted probability was predicted as 1/[1 + exp(-
logit)]. A pCR was defined as having a probability 
of .499 or greater. The term PD-L1 was not a zero 
coefficient term, it was not included in the source 
platform and hence was not fitted. 

Table 8. Coefficients in the focused receptor-plus-
marker penalised logistic model 

Ran
k 

Retained 
term 

B Exp(B
) 

Direction 
for pCR 

1 ER 
positive 
versus 

negative 

-
1.19

6 

.302 Lower 
probabilit

y 

2 Ki-67 
(MKI67) 
expressio

n 

.654 1.923 Higher 
probabilit

y 

3 PR 
positive 
versus 

negative 

-.569 .566 Lower 
probabilit

y 
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4 HER2 
positive 
versus 

negative 

.335 1.398 Higher 
probabilit

y 

5 CD4 
expressio

n 

.229 1.257 Higher 
probabilit

y 

6 CD8 
(CD8A) 
expressio

n 

.036 1.037 Higher 
probabilit

y 

Note. Terms are ordered by absolute coefficient. 
Expression predictors are reported per one training-
derived standardisation unit; receptor indicators 
compare positive with negative status. The model 
intercept was .434. Exp(B) values are descriptive 
penalised-model estimates, and conventional 
inferential confidence intervals are not reported. 

 
Figure 5. Focused univariable associations with 
pathological complete response 

3.7 Training-Cohort Performance 
The AUC was .808 (95% CI [.718, .890]) for the 
repeated out-of-fold training predictions (Table 9, 
Figure 6). At the .499 threshold, sensitivity was .848, 
specificity .773, accuracy .792, PPV .560 and NPV 
.938. The 28 true positives, 75 true negatives, 22 
false positives and five false negatives resulted in a 
level of confusion. The Brier score was .173 (95% 
CI [.140, .206]). Calibration intercept was -1.024 
(95% CI [-1.490, -.557]) and slope was 1.081 (95% 
CI [.630, 1.532]), indicating systematic probability 
overestimation despite useful ranking. 
3.8 Validation-Cohort Performance 
Locked evaluation of the 100-case validation cohort 
yielded an AUC of .775 (95% CI [.630, .894]) (Table 

9 and Figure 6). At the unchanged .499 threshold, 
sensitivity was .800 (95% CI [.579, 1.000]), 
specificity .729 (95% CI [.629, .820]), accuracy .740 
(95% CI [.640, .820]), PPV .343 (95% CI [.186, 
.500]) and NPV .954 (95% CI [.897, 1.000]). The 
confusion matrix contained 12 true positives, 62 true 
negatives, 23 false positives and three false 
negatives. Brier score was .186 (95% CI [.145, 
.235]). Calibration intercept was -1.689 (95% CI [-
2.321, -1.058]) and slope was .917 (95% CI [.365, 
1.469]) (Figure 7). AUC was .033 lower and Brier 
score was .013 higher compared to training. There 
are 15 pCR events for the large interval (validation). 

 
Figure 6. ROC curves for the focused model in 
training and locked validation 

 
Figure 7. Calibration of focused-model pCR 
probabilities in training and locked validation 

3.9 Sensitivity and Receptor-Phenotype Analyses 
The focused sensitivity analyses are presented in 
Table 9. The ER/PR/HER2 receptor-only model 
achieved a validation AUC of .811, whereas the 
available-marker-only model achieved a validation 

AUC of .645 and the focused receptor-plus-marker 
model a validation AUC of .775. Therefore, MKI67, 
CD4 and CD8A did not add to the validation 
discrimination that receptor status alone. Due to an 
unavailability of PD-L1, a complete four marker 
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model was not possible. Validation AUCs were .443 
in HR+/HER2- disease (63 patients, two pCR 
events), .375 in HR-/HER2+ disease (six patients, 
four events) and .460 in triple-negative disease (30 
patients, nine events). HR+/HER2+ disease: AUC 
was not estimable due to 1 validation patient not 

achieving pCR. These subgroup data are descriptive 
and not very precise in any way. The focused 
combined model achieved validation sensitivity 
.800, specificity .729, accuracy .740, PPV .343 and 
NPV .954 at the prespecified locked .499 
classification threshold. 

Table 9. Focused-model performance, locked-
validation confusion matrix, and sensitivity 
analyses 
Panel A. Primary focused-model performance 
estimates 

Co
ho
rt 

A
U
C 
(9
5
% 
C
I) 

Se
nsi
tivi
ty 

Sp
ecif
icit
y 

Ac
cu
rac
y 

P
P
V 

N
P
V 

B
ri
e
r 
sc
o
r
e 

Cal
ibr
atio

n 
inte
rce
pt; 
slo
pe 

Tr
ain
ing 
O

OF 

.8
0
8 
(.
7
1
8-
.8
9
0) 

.84
8 

(.7
10-
.96
7) 

.77
3 

(.6
86-
.85
6) 

.79
2 

(.7
23-
.86
2) 

.5
6
0 
(.
4
1
7-
.6
9
2) 

.9
3
8 
(.
8
7
8-
.9
8
7) 

.1
7
3 
(.
1
4
0-
.2
0
6) 

-
1.0
24 
[-

1.4
90, 
-

.55
7]; 
1.0
81 

[.63
0, 
1.5
32] 

Lo
cke
d 

val
ida
tio
n 

.7
7
5 
(.
6
3
0-
.8
9
4) 

.80
0 

(.5
79-
1.0
00) 

.72
9 

(.6
29-
.82
0) 

.74
0 

(.6
40-
.82
0) 

.3
4
3 
(.
1
8
6-
.5
0
0) 

.9
5
4 
(.
8
9
7-
1.
0
0
0) 

.1
8
6 
(.
1
4
5-
.2
3
5) 

-
1.6
89 
[-

2.3
21, 
-

1.0
58]; 
.91
7 

[.36
5, 
1.4
69] 

Panel B. Locked-validation confusion matrix at the 
.499 threshold 

Actual 
validation 
outcome 

Predicted 
residual 
disease 

Predicted 
pCR 

Total 

Residual 
disease 

62 23 85 

pCR 3 12 15 

Total 65 35 100 

Panel C. Focused marker and ER/PR/HER2 
phenotype analyses 

Valid
ation 
anal
ysis 

n p
C
R 
ev
en
ts 

A
U
C 

Sen
siti
vity 

Spe
cifi
city 

Ac
cur
acy 

P
P
V 

N
P
V 

ER/
PR/

HER
2 

rece
ptor-
only 
mod

el 

1
0
0 

15 .8
1
1 

— — — — — 

Avail
able-
mar
ker-
only 
mod

el 

1
0
0 

15 .6
4
5 

— — — — — 

Focu
sed 
rece
ptor-
plus-
mar
ker 
mod

el 

1
0
0 

15 .7
7
5 

— — — — — 

Com
plete 

0 — — — — — — — 
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four-
mar
ker 

pane
l 

HR+
/HE
R2+ 
subg
roup 

1 0 — — — — — — 

HR+
/HE
R2- 
subg
roup 

6
3 

2 .4
4
3 

— — — — — 

HR-
/HE
R2+ 
subg
roup 

6 4 .3
7
5 

— — — — — 

Tripl
e-

nega
tive 

3
0 

9 .4
6
0 

— — — — — 

subg
roup 

Focu
sed 
com
bine

d 
mod
el, 

thres
hold 

= 
.499 

1
0
0 

15 .7
7
5 

.80
0 

.72
9 

.74
0 

.
3
4
3 

.9
5
4 

Note. The locked primary threshold was .499. 
Performance intervals used 2,000 patient-level 
bootstrap resamples. Training estimates used 
repeated out-of-fold predictions. HR positivity 
means ER or PR positivity. OOF = out of fold; PPV 
= positive predictive value; NPV = negative 
predictive value. PD-L1 was not estimable because 
GPL96 contains no CD274 probe set. Subgroup 
AUCs with very small event counts must not be 
interpreted as stable inferential conclusions. 

4. DISCUSSION 
4.1 Key Findings 
This targeted retrospective study assessed the 
intended Ki-67, CD4, CD8 and PD-L1 panel with 
the ER/PR/HER2 classification left intact. Of 230 
patients, 48 (20.9%) achieved pCR. Three desired 
measurements on the transcripts were available: 
MKI67, CD4, and CD8A. No measurable PD-L1 
was found as GPL96 does not have a probe set for 
this gene. The focused model included the three 
marker expressions and ER, PR and HER2 status 
and performed with training AUC .808 and locked-
validation AUC .775, .800 sensitivity and .729 
specificity. The available-marker-only AUC was 
.645, however the receptor status alone yielded a 
higher AUC for validation (.811). However, the 
overall discrimination of the model was acceptable, 
but the three expression markers did not provide any 
validation benefit and without PD-L1 data the model 
could not solve the complete four-marker question. 
4.2 Clinical and Biological Interpretation 
The negative correlation between ER and PR 
positivity with pCR and the positive correlation with 
HER2 positivity confirmed the advantage of keeping 
the ER/PR/HER2 classification with them (Zhao et 
al., 2024; Prat et al., 2022). The best marker 
association was for MKI67, which is indicative of 
higher sensitivity to chemotherapy of tumor cells 
with fast proliferation rates. CD4 and CD8A also 
were positively associated with pCR in univariable 

analysis, indicating an immune-infiltration signal. If 
the other terms in focus were adjusted for out, CD4 
still had a small positive correlation, while the 
CD8A had a near zero correlation. These transcript 
measurements are not the same as Ki-67, CD4 or 
CD8 IHC scores. 
The immune-marker result is a specific one and 
should be interpreted with care. The abundance of 
immune cells may be represented in the CD4 and 
CD8 transcripts, but the fine-needle aspirates 
included in GSE20194 were not representative of 
the immune microenvironment (National Center for 
Biotechnology Information, 2022), because they had 
relatively high levels of neoplastic cells and 
relatively low levels of stromal cells. Immune gene-
expression signatures may have different 
performance than direct proteins or tumour-
infiltrating lymphocytes (Fernandez-Martinez et al., 
2023). Most importantly, the biology of PD-L1 will 
not be deduced from CD4, CD8A or other 
checkpoint ligand; the data would have to be 
obtained directly from a suitable transcriptomic or 
IHC dataset. 
The best marker association was for MKI67, which 
is indicative of higher sensitivity to chemotherapy of 
tumor cells with fast proliferation rates. CD4 and 
CD8A also were positively associated with pCR in 
univariable analysis, indicating an immune-
infiltration signal, consistent with previous evidence 
linking Ki-67 and tumour-infiltrating lymphocyte 
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markers with response to neoadjuvant chemotherapy 
(Kumar, n.d.). 
4.3 Results of the study with those of other 
research. 
The pCR rate at 20.9% was lower than reported in 
the multi-centre modelling study of 36.3% (Jung et 
al., 2023), but was higher than reported in the 
National Cancer Database (NCDB) study (56,209 
patients; Zhao et al., 2024). It was more similar to 
the pCR rate of the TransNEO multi-omic cohort 
(Sammut et al., 2022) at 26%. The disparities could 
be attributed to the use of mostly TFAC in the 
present cohort and receptor-directed HER2 therapy 
and chemoimmunotherapy (CIT) in contemporary 
populations for triple-negative disease (Schmid et al, 
2022). 
The AUC in the focused validation was 0.775, much 
like the AUC of 0.785 found by Zhao et al. (2024) in 
a similar study, although it was lower than some of 
the other multi-omic models (Jung et al., 2023; 
Sammut et al., 2022). The receptor-only model was 
superior to the receptor-plus-marker model in the 
present analysis, with limited marker-only 
discrimination. This does not imply that the 
biological value of Ki-67, CD4, CD8 or PD-L1 is 
not important. However, it suggests that the three 
microarray transcripts available were not 
transportable discriminators in this limited historical 
validation cohort, and the fourth requested transcript 
was not evaluable. 
4.4 Results of the clinical relevance and potently 
useful item 
A focused pretreatment marker model may 
eventually aid in response counselling and/or 
selection for response-adapted research, but this 
model is not ready for clinical use. Measurement of 
the requested panel should be obtained for the entire 
panel, consistently, ideally via prespecified IHC 
assays or newer transcriptomic assays, and then 
analysed within ER/PR/HER2-defined groups. The 
absence of a strong prediction of pCR should not be 
a reason to withhold standard treatment. There is still 
a need for calibration and assessment of net benefit 
and potential clinical impact prior to implementation 
(Collins et al., 2024; Zhao et al., 2024). 
The validation NPV was high (0.954), while the PPV 
was low (0.343) and the intercept of the calibration 
was negative and systematic (1.689). A future 
calculator would have to include the predicted 
probability, uncertainty, ER/PR/HER2 phenotype 
and contribution of each measured marker. It would 
also have to be specific to the assay type with the 
ability to not return a PD-L1 result if CD274 or PD-
L1 IHC was not measured. 
4.5 Strengths 
The analysis used public, de-identified and auditable 
data with transparent sample selection. Unrelated 
proliferation, DNA-repair, angiogenic and 
epithelial-mesenchymal genes were not retained as 
molecular scope was limited to four genes requested 

by the supervisor. Outcome blinding was done for 
exact probe mapping, the validation cohort was 
locked and ER/PR/HER2 were preserved. Another 
benefit was the reporting of unavailability of PD-L1 
(rather than the creation, imputation or substitution 
of a CD274 measurement). All three of the following 
were computed: discrimination, calibration, and 
Brier score and confusion counts. 
4.6 Limitations 
This was a secondary analysis of a historical, single 
source cohort. The imprecision of the subgroups 
estimates were due to a small number of validations 
and pCR events (N = 15) were available (N = 48). 
There was a single HR+/HER2+ patient in the 
validation set and there were significant differences 
between training and validation sets for HER2 
positivity and treatment modality. Ki-67, CD4 or 
CD8 IHC protein scores were not measured, but 
rather microarray transcripts of MKI67, CD4 and 
CD8A. The entire supervisor-specified four-marker 
panel has not been tested as PD-L1 is not present on 
GPL96. Also, FNA can misrepresent infiltrating 
immune cells if the purity of the tumour-cell 
population is high. Probability overestimation 
occurred due to class weighting and neither good 
ranking nor high NPV means clinical utility. Limited 
generality with contemporary HER2 targeted 
therapy and chemo-immunotherapy. 
4.7 Future Research 
Future studies should involve an independent 
contemporary cohort in which all of the following 
markers (Ki-67, CD4, CD8 and PD-L1) are 
measured by the same, prespecified assay. The four 
marker panel should be assessed in ER/PR (plus 
HER2) defined phenotypes, and sufficient pCR 
events in each. MicroRNA expression (direct IHC 
scores) should not be used interchangeably with 
modern RNA-sequencing measurements of MKI67, 
CD4, CD8A/CD8B and CD274. External validation, 
re-calibration, decision-curve analysis, fairness 
assessment and prospective clinical-impact testing is 
needed before use. 
5. CONCLUSION 
5.1 Overall Conclusion 
This targeted reanalysis saved ER/PR/HER2-based 
breast cancer classification and limited the panel of 
molecules intended to be analyzed to Ki-67, CD4, 
CD8, and PD-L1. For GSE20194/GPL96, used 
expression measurements of MKI67, CD4 and 
CD8A, but not CD274; therefore, no estimation or 
replacement of PD-L1. The focused receptor-plus-
marker model had a higher AUC .808 in the training 
set and .775 in the locked-validation set, with 
sensitivity of .800, specificity of .729, and NPV of 
.954. The model based on receptor status alone had 
a better performance (AUC .811) than the model 
with the two markers (AUC .645). The results will 
continue to guide research into the markers 
indicated, but will not confirm the full four-marker 
panel or readiness for clinical use. 
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5.2 Clinical and research implications of 5.2K 
The short-term research lesson is that the study 
shouldn't use a PD-L1 finding from GSE20194. 
They need a new or additional dataset that contains 
all four markers to answer the question the 
supervisor is asking. There, the receptor phenotype 
(ER, PR, HER2) should remain the foundation and 
incremental value of Ki-67, CD4, CD8 and PD-L1 
should be assessed against this receptor-only 
baseline. Any future decision support system should 
provide results for assay type, uncertainty, 
calibration and what would happen if markers were 
missing. 
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