
Free Neuropathology 5:2 (2024) William C. McDonald 
doi: https://doi.org/10.17879/freeneuropathology-2024-5226 page 1 of 11 
 
 

 

 

Copyright: © 2024 The author(s). This is an open access article distributed under the terms of the Creative Commons Attribution 4.0 International License (https://creativecommons.org/licenses/by/4.0/), 
which permits unrestricted use, distribution, and reproduction in any medium, provided the original author and source are credited, a link to the Creative Commons license is provided, and any changes are 
indicated. The Creative Commons Public Domain Dedication waiver (https://creativecommons.org/publicdomain/zero/1.0/) applies to the data made available in this article, unless otherwise stated. 

 

Pituitary adenoma classification: Tools to improve the current 
system 

William Charles McDonald 

Allina Health Laboratories – Abbott Northwestern Hospital, Minneapolis, MN 55407, USA 

Corresponding author: 
William C. McDonald · Hospital Pathology Associates · 2800 10th Avenue South · Suite 2200 · Minneapolis, MN 55407 · USA 
william.mcdonald@allina.com 

Additional resources and electronic supplementary material: supplementary material 

Submitted: 12 December 2023 · Accepted: 05 January 2024 · Copyedited by: Shino Magaki · Published: 10 January 2024 

Abstract 

The World Health Organization classification of pituitary tumors provides a framework for pathologists and 
researchers to classify pituitary adenomas. From the perspective of a practicing pathologist, this classification 
can be improved by pooling immunohistochemical data in a more standardized way, and by deliberately distin-
guishing features that assist in classification from those that do not. This article illustrates one general workflow 
to examine classification features consisting of immunohistochemical stains for anterior pituitary tumors, in 
order to promote debate and advance an evidence-based framework for classification. 
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Introduction: opportunities for im-
provement 

Every pathologist spends their career building 
or adapting tools to better characterize the diseases 
encountered in their practice. For neoplasms, this 
often begins by becoming familiar with the micro-
scopic spectrum of the disease, the demographics of 
commonly affected individuals, and common clinical 
presentations. Consciously or unconsciously, we 
build a list of features that we find useful in classify-
ing a disease, and then move on to refine the classi-
fication or provide additional prognostic or predic-
tive information. 

To use personal experience alone in the diag-
nosis of disease is treacherous, since neoplasms 
overlap in appearance and human judgement is 
fraught with various cognitive biases (1). Generaliza-
tions and simple heuristics can be helpful, but data 
are necessary to test our assumptions and to 
develop better tools for classification. 

Ideally, the World Health Organization (WHO) 
5th Edition pituitary tumor classification (2) would 
provide pathologists with a solid evidence-based 
classification to aid in diagnosis. However, the 
current system has several shortcomings that hinder 
its ability to accurately and reproducibly classify 
pituitary adenomas, including: 
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 Failure to carefully distinguish between fea-
tures used for classification and other descrip-
tive variables, some of which may have a role 
in estimating prognosis or predicting response 
to therapy. Among the first tasks of the 
pathologist is to decide which ancillary tests to 
perform for accurate tumor classification. 
Other testing may be employed, but our first 
goal is typically to classify the disease in ques-
tion. 

 Fuzzy language as to what constitutes a posi-
tive test. Statements offering clarification as to 
what constitutes "limited", "variable", or 
"focal" immunoreactivity are not provided. 

 Unproven claims about the distribution of pre-
sumably continuous variables, specifically cel-
lular maturity, acidophilia, or cytoplasmic gran-
ularity. Ask yourself "On what scale do we 
measure maturity, or acidophilia, or granular-
ity?". These variables are so subjective as to be 
unhelpful in most circumstances. Apart from 
sparsely granulated somatotroph adenomas—
where fibrous bodies have been cataloged and 
are used as a proxy for granularity (3) —the 
spectrum of granularity in lactotroph or corti-
cotroph adenomas has not been sufficiently 
delineated. While granularity might be essen-
tially bimodal in somatotroph adenomas, other 
adenoma lineages or classes are not neces-
sarily bimodal. 

 Literature lacking negative controls. Negative 
control groups permit the calculation of speci-
ficity. Without adequate negative controls, the 
resulting lack of context makes claims about 
ultrastructural findings, for instance, spheridia 
(4), impossible to validate. Multilineage and 
plurihormonal tumors show fuzzy boundaries 
between and within tumor lineages, further 
underscoring the importance of negative 
controls. To wit, how useful is a marker like 
alpha subunit if it can appear--or not appear--
in any lineage? We cannot currently answer 
this with any statistical rigor. 

 Unsubstantiated generalizations. For instance, 
for mature plurihormonal PIT1 lineage ade-

noma, a blanket statement that they are "posi-
tive for ER and GATA3" is based on a single 
reference that includes only a handful of such 
tumors (5). Conversely, we are forced to con-
tent ourselves with overly general statements 
that invite greater precision; for instance, 
"most" immature PIT1 lineage adenomas are 
said to express alpha subunit, ER, and GATA3. 
Surely data can be cited that would improve 
this broad generalization. 

 Small numbers. Claims made about the role of 
GATA3 immunohistochemistry (IHC) in PIT1 
lineage tumors are particularly concerning. 
Only a handful of citations with primary GATA3 
data are included (5-7), with just Mete et al. (5) 
showing GATA3 immunoreactivity in 10 of 53 
PIT1 lineage tumors examined. Furthermore, 
GATA3 immunopositivity was defined in that 
series as greater than or equal to 5% of 
neoplastic cells, a very permissive cutoff. 
Merely 3 PIT1 lineage adenomas showed 
diffuse immunoreactivity in that series (5). 

 Poorly supported ultrastructural arguments. 
For instance, small mitochondria were encoun-
tered in 6 of 15 of the early series of acidophil 
stem cell adenoma by Horvath et al. (8); given 
the wide spectrum of possible findings in acido-
phil stem cell adenoma, it is unclear, then, 
which additional features would prove useful in 
supporting this particular tumor type. 

 Confusion between "plurihormonal" and 
"multilineage". Using the WHO 5th edition 
classification, it is currently possible to diag-
nose a plurihormonal tumor with only a single 
positive hormone stain. Conversely, multiple 
synchronous tumors within the same lineage 
are occasionally encountered in clinical prac-
tice, but do not appear to fit within the group 
"multiple synchronous adenomas of distinct 
lineages". 

 Failure to address technical hurdles like marker 
co-expression, which is especially important in 
PIT1 lineage tumors. Is dual or multiplex IHC 
necessary to establish the diagnosis of 
mammosomatotroph tumors, for instance? 
Must we use electron microscopy? If we must 
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resort to electron microscopy, what is the 
sensitivity and specificity of the relevant ultra-
structural findings? While WHO committees do 
not endorse particular tests, marker co-expres-
sion is a fundamental feature of pituitary ade-
noma classification that needs to be addressed. 

Before I go further, let me address the 
unnecessarily prominent role in pituitary tumor 
conversations that nomenclature occupies these 
days. I agree with Ho et al. (9) that a compelling case 
for "pituitary neuroendocrine tumor" (PitNET) has 
not been made, despite the prominence of its advo-
cates. As it is still permissible to use the term "pitui-
tary adenoma" according to the 5th edition of the 
WHO classification (2), I do so, and beg forgiveness 
from passionate adherents to the PitNET label. 
In any event, such academic debates are less sub-
stantial than deficits in the WHO classification of 
pituitary tumors, and distract from more important 
concerns. 

Improving the WHO classification 

It would be a disservice to register these criti-
cisms without offering some means of improve-
ment. Better methods are available, and are already 
employed, for instance by the architects of DNA 
methylation profiling, which has now spread from its 
origins in Germany to laboratories in the rest of the 
world, including North America. It’s not an over-
statement to say that methylation profiling has 
radically revised our understanding of central 
nervous system tumor classification, and is poised to 
do so for tumors arising in other systems. 

Yet before we abandon our current strategy for 
pituitary adenoma classification using IHC in favor of 
methylation profiling, I think that two key lessons 
can be extracted from the methylation profiling 
experience in order to improve our IHC-based 
approach. Firstly, any attempt to establish a classifi-
cation system requires the registration and compar-
ison of large numbers of cases including all relevant 
classes of tumor. Methylation profiling could not 
have been successful without assembling large 
numbers of cases. As in methylation profiling 
efforts, cases need to be assembled into repositories 
that include all relevant tumor classes; this is the 
opposite of the current common practice of 

publishing limited, highly biased series designed to 
illustrate but not to test a classification or classifica-
tion variable. Secondly, diagnostic features that are 
useful in classification must be chosen and applied 
uniformly throughout the registry. Indeed, authors 
of the WHO pituitary tumor classification seem to 
sense this, and recommend performing the 
"complete panel of stains" (presumably, all possible 
IHC that might relate to pituitary adenoma diagno-
sis) during the routine evaluation of pituitary adeno-
mas (10). Nonetheless, data derived from the 
"complete panel of stains" are almost never 
provided in supporting literature, which tends to 
consist of reviews or biased collections of rare tumor 
types and upon individual classification variables, 
without documentation of other tests performed to 
corroborate the conclusions. Claims by WHO 
authors pertaining to IHC for alpha subunit and 
GATA3 are especially concerning in their lack of 
context and/or low numbers of published cases. 

One possible workflow to address the noted 
challenges, which incorporates these lessons from 
methylation profiling, is provided here as an illustra-
tion, using data from cases previously published. 
Case selection, recording of pre-operative data, 
tissue microarray (TMA) construction, IHC, and scor-
ing were performed as previously described (11, 12). 
In addition to previously reported stains, we also 
performed IHC for GATA3 (HG3-31 (sc-268), Santa 
Cruz Biotech, 1:100 dilution) and IHC for estrogen 
receptors (alpha) (SP1, Thermo Scientific, 1:160 
dilution). In brief, 157 pituitary adenomas from 
Allina Health (n = 136) and the University of Pennsyl-
vania (n = 21) were incorporated into TMA’s and 
stained with the indicated IHC. IHC was scored in a 
blinded fashion using the Allred method (13), and 
adenoma class was assigned based upon median IHC 
scores, using clinical and serological data to confirm 
the classification. A simplified managerial class was 
assigned to facilitate analysis, but this class did not 
supervise the machine learning process. 

Estimating correlation between classi-
fication variables 

To start our thought experiment, classification 
variables should be distinguished from other 
descriptive variables and explicitly stated. This helps 
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to establish limits on the classification problem, and 
allows more refined discussion of diagnostic 
algorithms. It is also an essential step in establishing 
relationships among these variables. In our work, 
the "complete panel of stains" (that is, the classifica-
tion variables) consists of IHC for SF1, PIT1, TPIT, 
GATA3, alpha subunit, luteinizing hormone (LH), 
follicle-stimulating hormone (FSH), prolactin, 
thyroid-stimulating hormone (TSH), growth hor-
mone, estrogen receptor, cytokeratin CAM5.2, and 
adrenocorticotropic hormone (ACTH). When one 
considers our series of pituitary adenomas (11, 14), 
correlation among variables is readily shown in a 
matrix (Figure 1). 

 

Figure 1. Correlation matrix comparing immunohistochemical 
stains, ordered using hierarchical clustering. Correlation coeffi-
cient is displayed. Abbreviations: ACTH, adrenocorticotropic 
hormone; ASU, alpha subunit; CAM 5.2, cytokeratin CAM 5.2; 
ER, estrogen receptor; FSH, follicle-stimulating hormone; GH, 
growth hormone; LH, luteinizing hormone; SF1, steroidogenic 
factor 1; TPIT, T- box transcription factor; TSH, thyroid-stimulat-
ing hormone. 

It's easy to see that the variables that one 
might use for classifying pituitary adenomas are 
variably correlated with one another, exactly as one 
should expect. Practical problems arise for the 
pathologist, however, in considering which variables 
to use when trying to classify an adenoma. Incorpo-
rating redundant and correlated classification 
variables with inferior test performance reduces the 
usefulness of a classification algorithm and falsely 

bolsters the confidence of the diagnostician (1). Put 
another way, adding redundant and correlated 
variables that hope to resolve cases into groups 
leads to a classification system that produces over-
fitting and a classification process that generates 
expensive and distracting false positives and false 
negatives. This is a statistical truism, but seems to be 
forgotten by many pathologists. In concrete terms, 
when the authors of the WHO endocrine pituitary 
tumor classification recommend that "the complete 
panel of stains" be performed on all pituitary adeno-
mas, they promote a classification system that 
overfits the data and reduces reproducibility while 
at the same time generating expensive, wasteful, 
and distracting false positives and false negatives in 
laboratories worldwide. 

Establishing context: observing multi-
variable relationships among classifi-
cation variables 

It has never been easier to move beyond 
simple correlations to show broader, multi-variable 
relationships using widely available, free statistical 
software (15, 16). Of the 157 pituitary adenomas in 
our series (11, 14), the relationships between 
classification variables, demographics, and tumor 
size can be readily illustrated in a so-called heatmap 
(Figure 2). 

The advantage of such clustered displays is that 
they illustrate many relationships within the context 
of other potentially important variables. For 
instance, the extent to which GATA3 immunoreac-
tivity is restricted to one or another group of adeno-
mas in this collection of tumors can be estimated at 
a glance. Figure 2 shows, for example, that GATA3 
immunoreactivity is observed in a subset of cortico-
troph adenomas, as observed by Ricklefs et al. (7); 
conversely, we do not find PIT1 family members 
with strong GATA3 immunoreactivity in our series, 
although Mete et al. have reported this in limited 
numbers (5). Likewise, a group of SF1-immunoreac-
tive/PIT1-immunoreactive tumors, possibly of the 
sort described by Asa et al. (17), is readily found. 
Unlike most of the works cited by the current WHO 
classification, however, the immunohistochemical 
and demographic context of these tumors is 
apparent.

https://doi.org/10.17879/freeneuropathology-2024-5226


Free Neuropathology 5:2 (2024) William C. McDonald 
doi: https://doi.org/10.17879/freeneuropathology-2024-5226 page 5 of 11 
 
 

 

 

 

Figure 2. The figure shows a heatmap of median IHC scores (Allred scores) from 157 pituitary adenomas with annotation for managerial 
diagnoses (at top), tumor size, patient sex, and patient age (at bottom). Alpha subunit staining and CAM5.2 pattern are included in the 
annotation, but are not used for clustering. Columns represent individual cases. Rows of the heatmap represent Allred scores for the IHC 
indicated to the right, and range from 0 (no staining) to 8 (strong staining in greater than 2/3 of the cells); gray boxes indicate missing 
data. Abbreviations: ACTH, adrenocorticotropic hormone; CAM 5.2, cytokeratin CAM 5.2; ER, estrogen receptor; FSH, follicle-stimulating 
hormone; GH, growth hormone; LH, luteinizing hormone; SF1, steroidogenic factor 1; TPIT, T- box transcription factor; TSH, thyroid 
stimulating hormone. 

 

This context is vital to establishing an evidence-
based classification as well as for developing sensi-
ble diagnostic algorithms in individual laboratories. 
Only when classification variables are tabulated can 
the difficult work of estimating test characteristics 
occur. These test characteristics allow us to select a 
combination of tests that maximize accuracy and 
minimize wasteful complexity. 

Estimating test performance: sensitivity 
and specificity 

Using the data we tabulated for the classifica-
tion variables, we may now estimate test character-
istics. Generally, we think in terms of sensitivity and 
specificity. These are surprisingly nuanced ideas, 
even for those who have worked in pathology for 
many years. 

Sensitive to what? Specific for what? These two 
questions are often left unstated, leading to much 
confusion. The answers to these questions deter-
mine the parameters of the calculations performed 
and constrain the uses of any test. The goal of a test 
can greatly alter its usefulness (that is, its positive 
predictive value and negative predictive value). 

To consider the sensitivity of a test, it is equiv-
alent to ask "What is true positive (TP) and how well 
does the test capture all cases of the disease in ques-
tion?" For specificity, the equivalent question is 
"What is true negative (TN) and how well does the 
test capture all cases that should not be classified as 
the disease in question?". 

Definitions of what constitutes TP or TN can be 
made more narrowly (for instance, assuming that 
SF1 immunoreactivity is only TP when identifying 
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gonadotroph adenomas) or more broadly (for 
instance, including SF1 immunoreactivity in multilin-
eage pituitary tumors, as well as gonadotrophs). 
This mental exercise is applied to each classification 
variable. 

Why go through the trouble of such mental 
gymnastics for each classification variable? In short, 
because it permits the estimation and comparison of 
test characteristics and, importantly, their confi-
dence intervals (CI). Figures 3-5 show the results 
when such a thought experiment is applied to the 
classification variables considered above. 

Figure 3 might be considered when deciding 
what stains are the most appropriate for the classi-
fication of a gonadotroph adenoma. Each stain is 
considered under narrow (TP = gonadotrophs) or 
broad (TP = gonadotrophs or plurihormonal tumors) 
assumptions, with positive immunoreactivity 
defined as median Allred score greater than 4 for all 
immunostains except LH and FSH, where a lower 
cutoff of greater than 2 was selected in recognition 
of the frequently more limited proportion of tumor 
cells expressing LH or FSH in gonadotroph 
adenomas. 

In our hands, SF1 IHC enjoys better sensitivity 
than other markers, while LH and FSH IHC have very 
high specificity, but low sensitivity, even when crite-
ria for immunopositivity are relaxed. Others have 
reported a similar pattern (18). In my laboratory, to 
perform IHC for LH and FSH in addition to IHC for SF1 
is unnecessary for the majority of tumors, adding to 
complexity and cost, without providing additional 
value, at least within an initial panel of 
immunostains. 

For the corticotroph lineage, both silent and 
functional corticotroph adenomas were accepted as 
TP, and estimates are made without broad or 
narrow conditions. Figure 4 shows that in our hands 
IHC for the transcription factor TPIT outperforms 
ACTH, showing greater sensitivity and comparable 
specificity. Figure 4 also shows that the negative 
predictive value of CAM5.2 is quite high, suggesting 
that when one encounters an adenoma that lacks 
CAM5.2 immunoreactivity, it is unlikely to be a 
corticotroph adenoma. Personal experience 
suggests (data not shown), that TPIT IHC is much 

easier to interpret than ACTH, which in our labora-
tory is never as clearly and darkly staining as TPIT. 

Finally, most pathologists would agree that the 
PIT1 lineage represents the most complicated and 
diagnostically thorny part of the WHO pituitary 
adenoma classification. Figure 5 shows estimated 
test characteristics for IHC that target PIT1 lineage 
and offers several important insights. Among the 
most obvious features is the dependence of a test 
on the number of data points available. TSH IHC 
sensitivity, for instance (Figure 5, panel A), shows 
very wide confidence intervals largely due to the 
paucity of cases with positive results. Given the 
heterogeneity of the PIT1 family, and the relatively 
porous boundaries between PIT1 family member 
IHC results, the mere exercise of deciding "what is 
true positive" is worthwhile. Except for PIT1 itself, 
where all PIT1 classes are accepted as TP, I’ve under-
taken to show broad and narrow definitions of TP 
and TN in Figure 5, but acknowledge the inherent 
difficulty in such an exercise, especially given the 
paucity of prevalence estimates for some of the 
rarer adenoma classes, and the current ambiguity in 
classification guidelines. 

Armed with this these estimates, I am now able 
to make more informed choices about which stains 
to use in a diagnostic algorithm for my practice. The 
workup of a pituitary adenoma in my laboratory 
currently entails careful documentation of available 
clinical, radiological, and serological information. All 
pituitary adenomas are examined using a panel of 
IHC including SF1, PIT1, and TPIT. For nonfunctional 
adenomas, this panel resolves most macroadeno-
mas into the gonadotroph adenoma class without 
the need for additional IHC. In the setting of Cushing 
disease, or when a nonfunctional adenoma is found 
to be TPIT immunoreactive, I add IHC for ACTH and 
cytokeratin CAM5.2 to the initial panel. In the 
setting of acromegaly or significant hyperprolac-
tinemia, in addition to SF1, PIT1, and TPIT IHC we 
also perform IHC for prolactin, growth hormone, 
TSH, estrogen receptor, and GATA3 in the initial 
panel. Finally, when clinical findings or initial IHC are 
ambiguous, a liberal approach is used, with the 
"complete panel of stains" being necessary in only a 
minority of cases.
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Figure 3. Test characteristics and 95% CI of immunohistochemical stains pertinent to the SF1 family of tumors using restrictive (narrow) 
or inclusive (broad) definitions of true positivity. Abbreviations: IHC, immunohistochemistry; PPV, positive predictive value; NPV, negative 
predictive value. Positive immunoreactivity was defined as a median Allred score greater than 4 for all markers, except LH and FSH, where 
a median Allred score greater than 2 was interpreted as positive.  
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Figure 4. Test characteristics and 95% CI of immunohistochemical stains pertinent to the TPIT family of tumors. Abbreviations: IHC, 
immunohistochemistry; PPV, positive predictive value; NPV, negative predictive value. Positive immunoreactivity was defined as a median 
Allred score greater than 4 for all markers.  
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Figure 5. Test characteristics and 95% CI of immunohistochemical stains pertaining to PIT1 family of tumors using restrictive (narrow) or 
inclusive (broad) definitions of true positivity. Abbreviations: IHC, immunohistochemistry; PPV, positive predictive value; NPV, negative 
predictive value. Positive immunoreactivity was defined as a median Allred score greater than 4 for all markers. 
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The approach related above resembles in some 
ways the efforts by Neou et al. (19) to build a pitui-
tary adenoma classification, but restricts itself to 
readily available IHC. Although simple immunohisto-
chemical stain scores are illustrated here, other 
potential classification variables, including molecu-
lar features or categorical variables like ultrastruc-
tural findings, would also profit from such interroga-
tion. One day the use of methods such as multiple 
factor analysis (19) might allow incorporation of 
various disparate variables into a single model. We 
might finally be able to estimate the usefulness of 
molecular, serological, demographic, immunohisto-
chemical, and ultrastructural variables within a 
common context. 

The strengths of our approach include the 
blinded review of IHC prior to interpretation by a 
pathologist and that our series includes tumors 
commonly encountered in the community. Weak-
nesses include limited clinical follow-up following 
resection, paucity of rare tumor types, and 
underrepresentation of microadenomas (necessi-
tated by study design, which employed TMA’s with 
four cores per adenoma). 

The classification lifecycle: provisional 
models 

As the British statistician George Box once 
noted, "All models are wrong, some are useful". 
Tests and classifications come and go. In this sense, 
all classifications are provisional (20) and our collec-
tive task is simply to improve the current draft of the 
classification. I’m optimistic that clearly stated 
classification variables, attention to correlation, 
joint registry of a wide range of cases rather than 
subsets of rare adenoma types, and attention to test 
performance would generate a more useful, trans-
parent, and reproducible classification of pituitary 
adenomas. For the practicing pathologist, this would 
be invaluable. An appendix of the immunohisto-
chemical data and basic characteristics of our series 
are provided in Supplement 1 in order that others 
may provide their own definitions of true positive 
and true negative in the calculation of test charac-
teristics, to compare our series with their own, and 
to draw their own conclusions. 
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