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Abstract
Purpose  It is assumed that a segment of breast cancer survivors are cognitively affected after chemotherapy. Our aim is to 
discover whether there is a qualitatively different cognitively affected subgroup of breast cancer survivors, or whether there 
are only quantitative differences between survivors in cognitive functioning.
Methods  Latent profile analysis was applied to age-corrected neuropsychological data —measuring verbal memory, atten-
tion, speed, and executive functioning— from an existing sample of 62 breast cancer survivors treated with chemotherapy. 
Other clustering methods were applied as sensitivity analyses. Subgroup distinctness was established with posterior mean 
assignment probability and silhouette width. Simulations were used to calculate subgroup stability, posterior predictive 
checks to establish absolute fit of the subgrouping model. Subgrouping results were compared to traditional normative 
comparisons results.
Results  Two subgroups were discovered. One had cognitive normal scores, the other —45%— had lower scores. Subgrouping 
results were consistent across clustering methods. The subgroups showed some overlap; 6% of survivors could fall in either. 
Subgroups were stable and described the data well. Results of the subgroup clustering model matched those of a traditional 
normative comparison method requiring small deviations on two cognitive domains.
Conclusions  We discovered that almost half of breast cancer survivors after chemotherapy form a cognitively affected sub-
group, using a data-driven approach. This proportion is higher than previous studies using prespecified cutoffs observed.
Implications for cancer survivors  A larger group of cancer survivors may be cognitively affected than previously recognized, 
and a less strict threshold for cognitive problems may be needed in this population.

Keywords  Cognitive impairment · Verbal memory · Executive functioning · Breast cancer · Chemotherapy · Subgroups

Introduction

Breast cancer and chemotherapy influence cognitive func-
tioning [1, 2]. Cognitive performance is lower in survivors 
compared to controls [2] and decreases in survivors after 
treatment [3]. It is broadly assumed that only a subgroup 
of survivors is cognitively affected [4, 5], but it is unclear 
whether this subgroup concerns the lower end of a continu-
ous scale of quantitative differences or concerns a qualita-
tively different subgroup [6]. In case of the latter, we do not 
know how large this subgroup would be.

Researchers often evaluate cognitive effects of disease or 
treatments using mean difference comparisons, to compare 
groups of survivors and controls. Mean difference compari-
sons show that cancer survivors who received chemotherapy 
obtain lower scores than no-cancer controls and lower scores 
than cancer survivors who did not receive chemotherapy, 
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on average [2]. A second method to investigate cognitive 
effects is to use normative comparisons: Scores of individual 
survivors are compared to the distribution of scores in a 
reference group, to determine whether the survivors’ scores 
are below normal. If so, survivors are defined as cognitively 
impaired. In general, breast cancer survivors who receive 
chemotherapy are more likely to be cognitively impaired 
than healthy controls [3].

Both approaches have their flaws. Mean comparisons only 
reflect differences at the group level, which may not hold at 
the individual level. Normative comparisons are dependent 
on where the cutoff is placed between affected and unaf-
fected cognitive functioning. Various cutoffs are in use, and 
these are not driven by the etiology of cancer-related cogni-
tive impairment. Therefore, neither mean comparisons nor 
normative comparisons can substantiate whether there is 
cognitive impairment in only a subgroup of cancer survi-
vors, nor can they reveal how large this subgroup would be.

Identification of subgroups of survivors is important for 
treatment of cognitive problems and determination of risk 
factors. If we can identify subgroups of survivors who are 
vulnerable to cognitive problems, we can develop more tar-
geted interventions. When we know which characteristics 
are associated with subgroup membership, we can iden-
tify high-risk individuals, which can provide us with better 
informed decision-making regarding use of therapies.

To identify whether variation in scores suggests the exist-
ence of a subgroup, a different class of methods is required. 
Latent variable modeling and machine learning provide sev-
eral approaches that use multivariate data to detect whether 
outcomes are best described by one, two, or even more sub-
groups. With these methods, the described number of sub-
groups and their scores are not predetermined, but estimated 
from the data at hand.

Methods that use multivariate data to form subgroups are 
common in other subfields of oncology, such as in subclassi-
fication of tumor types [7, 8], but they have not been used to 
form subgroups of tested cognitive functioning after cancer. 
There are some exceptions in pediatric oncology, where two 
to four subgroups were identified using both neuropsycho-
logical test scores and other variables [9–11]. Apart from 
examining a different population, these studies differed from 
ours in other ways, e.g., fewer cognitive tests were admin-
istered in these studies. Other studies that have examined 
subgroups differed from ours by examining the development 
of test scores over time, rather than the profile of test scores, 
focusing on a single outcome at a time [12].

If subgroups exist, subgrouping methods aid in the practi-
cal formulation of cutoff points for normative comparisons, 
which is a point of concern [13]. This point is illustrated in 
Fig. 1. In panel a, a hypothetical ground truth is presented 
where scores come from a single distribution, which can be 
arbitrarily divided into two at any given point. In panel b —a 

second hypothetical ground truth— scores come from one of 
two distributions: an affected or an unaffected subgroup. In 
this latter scenario, separating survivors into two categories 
is reasonable, but where the cutoff point is placed may be 
optimal or suboptimal. In current applications of normative 
comparisons, we are unsure whether we are in scenario A 
and are dividing a continuous distribution or whether we are 
in scenario B. If we are in scenario B, we may be employing 
suboptimal cutoff points to separate the two distributions.

The aim of this study is to use subgrouping methods to 
discover whether there truly are subgroups of breast can-
cer survivors that are cognitively affected or unaffected, or 
whether there is only continuous variation. Secondly, if there 
are affected subgroups, we aim to discover how large these 
subgroups are, and whether they correspond to the group 
of survivors identified with traditionally applied normative 
comparisons.

Methods

Participants

Data were extracted from a dataset that has previously 
been described and was used to validate a computerized 
neuropsychological test battery [14, 15]. For this dataset, a 

Fig. 1   Illustration of hypothetical situations where patients’ scores 
come from either one or two distributions. a All scores come from 
a single distribution cut into two. b A minority of patients obtains 
scores from a second distribution
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sample of 202 non-CNS cancer survivors participated after 
having been treated with intensive therapies, as well as a 
large sample of no-cancer controls. This study was approved 
by the review board of the Netherlands Cancer Institute. All 
participants provided written informed consent prior to 
assessment. For the current study, we selected women who 
were treated for breast cancer with chemotherapy (N = 67), 
as the majority of studies on cognitive effects are conducted 
in this survivor population [1]. Additionally, we selected 248 
participants without a history of cancer as a reference group 
for the purposes of age correction, standardization, and nor-
mative comparisons. To maximize the sample size for the 
age correction, we kept both men and women in the refer-
ence group. Demographic information, after outlier removal 
(see Online Resource 1), is provided in Table 1.

Clustering variables

Cognitive function was assessed with the Amsterdam Cogni-
tion Scan (ACS) [14]. This test battery contains computer 
analogues of traditional paper-and-pencil tests that can be 
subdivided into four domains: verbal memory, attention, 
speed, and executive functioning (Online Resource 2). The 
reliability and the validity of the ACS have previously been 
shown to be sufficient to good [15].

Analysis methods

Age corrections

For the present study, a state-of-the-art method for age cor-
rections was used [16], which combines the advantages 
of traditional tabular approaches —accommodating non-
linearity and heteroscedasticity— with the advantages of 
regression-based approaches —continuity and better use 
of data. This method allows for age-dependent non-linear 
differences not only in the expected value, but also in the 
variance, skewness, and kurtosis of scores. We used this 

method to transform raw scores into age-specific percentile 
scores, which we in turn converted into standard-normal 
scores.

Subgrouping methods

The main results were obtained using latent profile analysis. 
This analysis assumes that the data come from one or more 
multivariate normal distributions and estimates the optimal 
number of these distributions, as well as summary statistics 
such as the mean and covariance matrices. To select the opti-
mal number of subgroups, we used the Bayesian Information 
Criterion (BIC) [17].

To check whether results are dependent on the statistical 
method, we also performed k-means clustering and hierarchical 
clustering as machine learning methods. To select the optimal 
number of clusters for both k-means and hierarchical cluster-
ing, we used the Gap statistic as an index because it is able to 
discern whether a one-subgroup solution is optimal [18].

Normative comparisons

Four criteria for traditional normative comparison were 
employed. The first —which we will refer to as “ICCTF”— 
is in line with the International Cognition and Cancer Task 
Force criteria [13], where survivors are deemed cognitively 
impaired when they have ≥ 1 test score of ≥ 2 standard 
deviation (SD) below the normative mean or ≥ 2 test scores 
of ≥ 1.5 SD below the normative mean. The second and 
third criteria require either the 2 standard deviation criterion 
(“1 × 2SD”), or the two times 1.5 standard deviations crite-
rion (“2 × 1.5SD”). The last criterion we used —“2 × 1SD, 
different domains”— requires ≥ 2 test scores of ≥ 1SD below 
the normative mean, with the additional requirement that the 
two test scores are from different cognitive domains. This 
last method has been used in defining affected cognition in 
some recent studies [19, 20] and was previously adapted to 
“4 × 1SD, different domains” for the case of 20 tests [21].

Table 1   Demographic 
characteristics for the subsample 
under study and reference data

a Low education = 8th grade or less to GED; medium = high school graduate to associate degree/some col-
lege, and high = Bachelor’s degree to Doctorate

Breast cancer patients treated with 
chemotherapy

Reference data

N 62 228
Age (mean, sd) 47.9, 9.3 48.3, 12.5
Percentage women 100 64
% education levela (low/med/high) 0/35/65 0/30/70
% treated with chemotherapy 100 –
Mean years since end chemotherapy 3.3 –
% treated with endocrine therapy 74 –
% treated with immunotherapy 18 –
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Additional methods

As an index of convergence in classification, we used the 
Adjusted Rand Index (ARI) [22], with ARI ≥ 0.65 indicating 
moderate recovery. Posterior probability of assignment and 
silhouette width were used as default measures of distinct-
ness of subgroups [23, 24]. To estimate the stability of the 
results given the sample size, data were simulated from the 
fitted model and the model refitted to these simulated data. 
Posterior predictive checks were performed to evaluate how 
well the model described the data in absolute terms; they 
involved comparing summary statistics of observed data to 
summary statistics of model-simulated data [25].

For all analyses, the R statistical package was used, and 
specifically the mclust [26], NbClust [27], and gamlss [16] 
packages.

Results

Outlier removal and age correction

Five survivors were removed based on outlying scores: Four 
had zero words correct on Word List Learning Delayed 
Recall or Box Tapping; one had zero correct on both. No 
survivors had missing values. Nineteen reference partici-
pants were removed based on outlying scores, and one had 
missing values. The age corrections are depicted graphically 
in Online Resource 1 for all test variables.

Two subgroups: one cognitively affected, one 
cognitively unaffected

Latent profile analysis showed that the data is best described 
by two subgroups: one of 34 participants (55%) and one of 
28 survivors (45%). We refer to the first subgroup as “Cog-
nitively unaffected.” Mean z-scores in this subgroup ranged 
from 0.00 (on the Connect the Dots I) to 0.67 (on Word List 
Learning Delayed Recall). In this subgroup, there is a ten-
dency towards better scores than expected on the two Word 
List Learning outcomes. On all other tests, the scores in the 
Cognitively unaffected subgroup are as would be expected 
in a group of no-cancer controls.

We refer to the second subgroup as “Cognitively 
affected.” Mean z-scores in this subgroup ranged from − 0.33 
(Box Tapping) and − 0.48 (Fill the Grid) to − 0.92 (Word 
List Learning Total Recall), − 0.98 (Digit Sequences I), 
and − 1.17 (Connect the Dots II). The distribution of raw 
scores and model-based distributions is provided in Fig. 2.

A spherical model was selected, indicating that after sep-
arating the survivors into two subgroups, test scores were 
uncorrelated [28]. Demographic characteristics of the two 
subgroups are provided in Table 2.

Subgroups replicated across subgrouping methods

K-means clustering also selected two subgroups, with group 
membership being equivalent to the latent profile analysis 
results for 61/62 participants (98%, ARI = 0.94). Hierarchi-
cal clustering likewise selected two subgroups, with group 
membership being equivalent to the latent profile analysis 
results for 56/62 participants (90%, ARI = 0.64). This con-
vergence suggests that the subgrouping solution is relatively 
independent of the type of subgrouping method used.

Subgroups describe observed data pattern well

The graphical results of posterior predictive checks are pro-
vided in Online Resource 3. The observed maximum score 
was described well for all tests but two. For Fill the Grid, 
the observed maximum was higher than expected based on 
the model (p < 0.001), indicating that a participant was faster 
than expected (a 67-year-old completing the test in just 49 s). 
For Word List Learning Delayed Recall, the observed maxi-
mum was lower than expected (p = 0.048), indicating that the 
model expected the best-performer to do even better.

The minimum score was described well for all tests. Only 
for Word List Learning Total Recall, the observed minimum 
was marginally lower than expected (p = 0.050), indicating 
that the model expected the worst performer to do better 
(a 45-year-old remembering 25 words out of 75). Means, 
medians, and standard deviations were congruent with 
model-implied means, medians, and standard deviations for 
all tests. In general, the data was well approximated by the 
latent profile model.

Subgroups are recoverable, but show overlap

Nine hundred forty-nine out of 1000 simulations recovered 
the same “two-subgroup spherical, equal volume” subgroup-
ing result, suggesting that the sample size was sufficient to 
arrive at a stable solution. The silhouette method and poste-
rior uncertainty showed there was overlap between the sub-
groups. The average silhouette width was 0.24, just below 
the cutoff of 0.25 that suggests separable subgroups [29]. 
There were four survivors with uncertainty over 0.4, three 
assigned to the cognitively affected subgroup, and one to 
the cognitively unaffected subgroup. This indicates that for 
these participants, assignment to one of the two subgroups 
was at chance level. Without these four survivors, silhouette 
width was 0.27, and mean uncertainty of subgroup assign-
ment was 3%.

Subgroups not different in age or education

The two subgroups did not differ in age, t(60) = 1.355, 
p = 0.181, or level of education, t(60) = 1.749, p = 0.085, 
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although this may also be due to a lack of statistical 
power; a Bayesian re-analysis [30] revealed there is only 
anecdotal evidence for the absence of an age difference 
(BF01 = 1.783) and no evidence for an education difference 
or a lack thereof (BF01 = 1.076).

Subgroups best approached by 2 × 1SD, different 
domains criterion

When using normative comparisons to examine whether 
survivors are cognitively affected, the ICCTF criterion 

Fig. 2   Modeled distribution of 
test scores in the two subgroups. 
The small bars at the top rep-
resent the observed unmodeled 
data
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resulted in the same assignment as the subgrouping solution 
for 52/62 survivors (84%, ARI = 0.45); the 1 × 2SD criterion 
for 49/62 survivors (79%, ARI = 0.33). The 13 survivors for 
whom assignment differed were not cognitively affected 
according to the 1 × 2SD criterion, but were affected accord-
ing to the latent profile analysis. For the 2 × 1.5SD criterion, 
the result was exactly the same as for the 1 × 2SD criterion, 
although the 13 mismatched survivors were different. The 
2 × 1SD, different domains criterion resulted in the same 
assignment as the subgrouping solution for 56/62 survivors 
(90%, ARI = 0.64) and thus provided the best proxy for a 
subgrouping approach in the current dataset.

Discussion

Our objective was to discover whether there are subgroups 
of breast cancer survivors that are cognitively affected or 
unaffected, or in contrast, whether there is only continuous 
variation in cognitive functioning between survivors. We 
found that a subgroup —almost half— of breast cancer sur-
vivors is cognitively affected after chemotherapy; the other 
half is comparable to no-cancer controls.

The percentage of cognitively affected survivors in 
this sample —45%— is higher than the 24% that is typi-
cally found [3]. However, previous estimates were estab-
lished using a top-down traditional normative comparisons 
approach, and were thus dependent on the definition of cog-
nitively affected. The primary benefit of our bottom-up data-
driven approach is that we are not recovering what we put in.

Of the normative comparison approaches, the 2 × 1SD, 
different domains criterion resulted in the optimal split 
between the two recovered subgroups. This supports the idea 

that the cognitive impact observed in breast cancer survi-
vors after chemotherapy is best described as diffuse, and 
that deficits are relatively subtle [1]. This differentiates this 
particular type of cognitive effect from that observed in, for 
example, stroke, where large domain-specific effects can be 
observed [31].

On two verbal memory outcomes, the cognitively unaf-
fected subgroup performed better than would be expected 
based on the reference sample. This is most likely due to the 
inclusion of men in the reference sample, with no men in the 
survivor sample. Sex differences on neuropsychological tests 
are generally smaller than age differences [32], but women 
outperform men on verbal learning tests [33]. As mentioned 
in the “Methods” section, we kept both men and women in 
the reference group to maximize the sample size for the age 
correction, which may have introduced this effect.

The sample size of the present study was modest to estab-
lish a prevalence estimate; power calculations are not com-
monly performed for subgrouping methods [34]. Had the 
sample been larger, the delineation between affected and 
unaffected could have been more precise, and indetermi-
nate subgroup assignment for four survivors might have 
been avoided. However, it could also be that there are sim-
ply survivors for whom cognitive status is not clear-cut. 
Results for these survivors are appropriately identified by 
our subgrouping method as being indeterminate, while a 
cutoff-based method would inappropriately force them into 
one of the two categories. Previous work from our group has 
also shown that forcing participants into either one category 
or the other with a binary classification strategy leads to 
unreliable classification [35]. This underscores that the use 
of a method that models uncertainty —such as latent profile 
analysis— is preferable over normative comparison methods 
no matter what cutoff is selected, although the analysis is 
more cumbersome.

Differences between the cognitively affected and unaf-
fected subgroups varied across cognitive domains. On two 
tests, differences were small: Box Tapping, a spatial memory 
test, and Fill the Grid, a motor dexterity test. This is con-
gruent with previous findings that suggest no difference in 
motor speed or visual memory between those treated with 
chemotherapy and those that are not [36]. Larger effects 
were found on Word List Learning —measuring verbal 
memory— and Connect the Dots —an executive function-
ing test that measures a variety of attentional processes [37]; 
variants of which are already included in the recommenda-
tions of the International Cognition and Cancer Task Force 
[13]. Digit Sequences I and II —which tap into executive 
functioning and attention— also showed larger differences 
between subgroups and may be a good addition to standard 
test batteries for cancer-related cognitive impairment.

In conclusion, we provided support for the exist-
ence of two subgroups of breast cancer survivors after 

Table 2   Demographic characteristics for the two identified subgroups

a Low education = 8th grade or less to GED; medium = high school 
graduate to associate degree/some college, and high = Bachelor’s 
degree to Doctorate

Subgroup 
1
Cogni-
tively unaf-
fected

Subgroup 2
Cognitively affected

N 34 28
Age (mean, sd) 49.3, 9.8 46.1, 8.5
Percentage women 100 100
% education levela (low/med/high) 0/29/71 0/43/57
% treated with chemotherapy 100 100
Mean years since end chemo-

therapy
3.1 3.6

% treated with endocrine therapy 78 64
% treated with immunotherapy 12 25
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chemotherapy: one cognitively affected and one unaffected. 
We approached the problem of subgroups from a new angle 
that does not rely on consensus-based cutoffs. In distinguish-
ing the two subgroups, cutoff criteria that require small dif-
ferences on multiple cognitive domains performed best. 
With this bottom-up method, the percentage of cognitively 
affected survivors was observed to be higher than previously 
thought.
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tary material available at https://​doi.​org/​10.​1007/​s11764-​022-​01310-z.
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