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Abstract
The effectiveness of fine-needle aspiration (FNA)
increases with the number of needle passes, but needle
passes are also associated with increased risk of
adverse events. The trade-off between needle passes
and adequacy has not been well characterized. Clinical
studies are limited because of their inherent variability
and limited sample size. We developed mathematical
models to compare the performance of a variety of
sampling protocols under a wide range of conditions.
Specifically, we compared the performance of sampling
methods using a fixed number of needle passes with
sampling methods using a rapid onsite evaluation
(ROSE) with a variable number of needle passes.
Variable sampling with ROSE generally required fewer
needle passes than fixed sample size policies to achieve
a desired adequacy rate. Variable sampling policies
using ROSE achieve greater per-case adequacy with
fewer needle passes than sampling policies using a
fixed number of passes if assessor accuracy is high.
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Fine-needle aspiration cytology (FNAC) is a widely used
sampling technique in clinical medicine. FNAC is a complex multistep process, and sampling can be performed by a
number of different methods. Despite the long-standing role
FNAC has played in the diagnosis of many disorders, no gold
standard approach to the process exists, and institutional practices vary widely, with individual physicians within a single
institution not always adhering to identical protocols.
Physicians performing FNAC at some institutions perform a fixed number of needle passes and then terminate
the procedure to await a formal pathologic evaluation. This
approach is most commonly employed at sites where rapid
onsite evaluation (ROSE) of cytology specimens is not available. At sites that employ ROSE, a variable number of needle
passes are often obtained; after each needle pass, the tissue is
evaluated by a cytologist for a variety of findings, including
cellular adequacy and the presence of diagnostic tissue. At
sites that use ROSE, there is often a dynamic interaction and
interplay between the physician performing the FNA and the
cytologist during the procedure, with the former supplying
information about the location and appearance of the lesion
in question and the latter supplying information about the
appearance of aspirated specimens, suggestions regarding the
site of successive FNAs based on the appearance of aspirated
tissue obtained, and the need (or lack thereof) for further
samples to reach a diagnosis.
Sample adequacy is an important component of FNA
performance and is frequently reported in FNA studies. In
general, sample adequacy is expected to increase with the
number of needle passes, and the impact of the number of
passes has been investigated in a small number of studies.1-9
However, the risk of adverse events, although small overall,
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increases with the number of needle passes, and the benefits
of an adequate sample must be balanced against the potential
risk of an adverse event (both in terms of patient harm and
monetary costs). The trade-off between adverse events and
successful FNA can be modified by the use of ROSE, but the
relationship between the per-case adequacy rate and needle
passes has not been demonstrated in clinical studies. It is
unlikely that a single study could obtain a sufficient number
of cases to fully reveal these relationships.
Sampling can be viewed as a process with binary outcomes (success vs failure) that are governed by laws of probability. Each needle pass is associated with a probability of
success. Because it is governed by the laws of probability,
the sampling process is amenable to mathematical modeling. Modeling has the advantage of not being subject to the
site-to-site variation that commonly complicates clinical
studies. Modeling studies can reveal relationships that could
not otherwise be examined because it is possible to compare
the impact of several different variables (per-pass probability, ROSE accuracy, and number of needle passes) in a
single study. We therefore developed mathematical models
to compare the trade-off between adequacy and needle passes
for several different methods of endoscopic ultrasound FNA
sampling. Specifically, we compared outcomes when either a
fixed number of passes or a variable number of passes using
ROSE were utilized during FNA.

Materials and Methods
Conceptual Model
We compared 2 categories of sampling policies that we
designated as fixed and variable. In both policy types, sampling continues until a stopping point is reached. For a fixed
policy, samples are not evaluated for adequacy, and sampling
is stopped when the number of required samples is reached or
an adverse event occurs (whichever comes first). In a variable
policy using ROSE, each sample is sequentially evaluated
for adequacy by a pathologist or cytotechnologist as tissue
is obtained from the patient. Sampling is stopped after the
cytologist observes the required number of adequate samples,
after the occurrence of an adverse event, or after reaching the
maximum number of passes. A sampling policy is determined
by the policy type (fixed vs variable), the number of required
samples (number of passes vs number of observed adequate
samples), and the use of ROSE.
Model Details and Notation
In a fixed sampling method, a set number, nf , of samples
are taken and the samples are not assessed for adequacy. In a
variable sampling method, samples are assessed for adequacy,
© American Society for Clinical Pathology

and sampling is discontinued after a designated number, no,
of samples is observed to be adequate. Variable sampling
corresponds to ROSE. In a variable policy with sample limit,
sampling is discontinued after a designated number, no, of
samples are observed to be adequate or after a maximum
number, M, of samples are obtained, whichever occurs first.
This type of sampling could occur if the aspirator is concerned
about limiting the number of needle passes or the total procedure time.
We designate sampling policies as follows. Let p(C, n)
designate a sampling policy, where C indicates the policy
category (F = fixed, V = variable), and n indicates the number
of required samples (nf for a fixed policy, no for a variable
policy). We use the symbol, p, to designate a generic policy.
The above notation is useful for describing categories of policies, but we sometimes use a simpler notation to describe a
particular sampling method. We will indicate a particular
policy using the notation Cn. For example, F2 indicates a
fixed policy with 2 passes, and V1 indicates a variable policy
that stops after 1 adequate sample is observed with no limit on
the number of needle passes.
Each sample has a per-pass probability of adequacy, p.
The per-pass probability depends on a variety of factors such
as the anatomic site (eg, pancreas vs thyroid), lesion characteristics (size, cystic vs solid), operator experience, and technical factors such as needle size and the use of guidance. Our
model does not attempt to determine the value of the per-pass
probability of adequacy but takes this as an input ❚Figure 1❚.
In principle, the per-pass probability can be estimated from
published studies or by retrospective review at a particular
site. Our model allows p to vary from case to case (depending on the factors listed above) but assumes that the per-pass
probability remains constant within a particular case. This is
a simplifying assumption and is justified because most factors
affecting p (eg, anatomic site, aspirator experience, tumor
size) remain constant within a single case. It is possible that
the per-pass adequacy could depend on the number of needle
passes (eg, prior needle passes could disturb the tissue and
decrease the probability of success of subsequent passes), but
we are unaware of any data showing that the per-pass probability of success depends on the number of needle passes.
The samples are evaluated by an assessor. The assessor
may be a pathologist, cytotechnologist, or a nonpathologist
clinician. The assessor reviews samples in real time, and the
accuracy of the assessor is compared with a processed sample
that has been reviewed by a pathologist, which is considered
the reference standard (gold standard). The accuracy of the
assessor is characterized by the sensitivity, q1, and specificity, q2, of the assessment of adequacy relative to the gold
standard. We make no presumption regarding the relative
accuracy of various personnel. The assessor accuracy can be
determined by case review.
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❚Figure 1❚ Comparison of inputs and outputs of fixed and variable sampling models. The inputs to the variable model are
assessor accuracy (q1 = sensitivity, q2 = specificity); the required number of observed adequate samples, no; and the per-pass
probability of an adequate sample, p. In the fixed model, the input parameters are the per-pass probability of an adequate
sample, p, and the number of needle passes, nf. The per-pass adequacy rate, p, is an input that is common to both models.
The factors that determine p are external to the model.

Two outcomes are associated with each sample: the
actual adequacy, Aa, and the observed adequacy, Ao. The
actual adequacy is the final determination (gold standard).
The observed adequacy is the assessment made during
ROSE. Each outcome has 2 possible values: adequate or not
adequate. We will use the following notation:
❚Equation 1❚

❚Equation 2❚

❚Equation 3❚

needle passes, N. We define sampling as successful if at least
one of the samples is truly adequate:
❚Equation 7❚

P(S) = P(Na ≥ 1)
where Na is the number of actually adequate samples. We
define this as the per-case probability of success as opposed
to the per-pass probability of success. The probability of
success can be conditioned on a particular sampling method, p:
❚Equation 8❚

P(S|p) = P(Na ≥ 1|p)
We also calculate the probability of a particular number
of needle passes associated with a particular policy as P(N|p)
and the expected number of needle passes as E(N|p), as well
as the variance of the number of needle passes given a particular policy, Var(N|p).

❚Equation 4❚

Mathematical Model for FNA Sampling
Fixed-Sampling Method
The positive predictive value, PPV, and negative predictive value, NPV, of the assessments are
❚Equation 5❚

The probability of obtaining a truly adequate sample
follows binomial distribution with per-pass probability of success, p, and nf trials.
The per-case probability of success (obtaining at least 1
adequate sample) is

❚Equation 6❚

❚Equation 9❚

For each sampling method, we compare the following
statistics: the probability of success, P(S), and the number of

❚Equation 10❚
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The expected number of needle passes per case is
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The variance of the number of needle passes per case is

❚Equation 15.6❚

❚Equation 11❚

A flow diagram showing the inputs and outputs of the
fixed model is shown in Figure 1.
Variable Sampling Method (ROSE)
The variable sampling method follows a negative binomial distribution with probability of success, P(Ao), and number of successes, no.
The per-case probability of success (obtaining at least 1
adequate sample) is
❚Equation 12❚

= 0)
               
Suppose no apparently adequate samples are observed
by the ROSE assessor after N trials. Given N = n trials, the
probability of failure (ie, that none of the samples are actually
adequate) is

The step denoted with m is a consequence of the fact that
for |x| < 1,
❚Equation 16.1❚

❚Equation 16.2❚

The overall probability of success is given by
❚Equation 17.1❚

❚Equation 17.2❚

❚Equation 13❚

The expected number of needle passes per case is

Moreover, probability that there will be exactly n trials is
given by a negative binomial probability mass function, where
the probability of success is the probability of the sample
being assessed as adequate, P(Ao):

❚Equation 18❚

❚Equation 14❚

❚Equation 19❚

❚Equation 15❚

A flow diagram showing the inputs and outputs of the
variable model is presented in Figure 1.

❚Equation 15.1❚

❚Equation 15.2❚

❚Equation 15.3❚

❚Equation 15.4❚

The variance of the number of needle passes per case is

Bayesian Updating of the Per-Pass Probability
In our model, an estimate of the per-pass probability of
success, p, is provided as an input. This value, along with the
accuracy of the assessor, is used to estimate the number of
needle passes that would be required to observe an adequate
sample when using a variable (ROSE) sampling policy. The
model also estimates the probability that an adequate sample
could be obtained in nf more needle passes. These estimates
are based on the assumption that the per-pass probability of
success is constant and ignores the information obtained from
previous attempts. In addition, the estimate of p is imprecise.
The per-pass probability of success depends on many factors
that vary from case to case (eg, size of tumor, experience of
the aspirator). The imprecision of the initial estimate of p can
be represented by providing a probability distribution for p. It
turns out that the b distribution
❚Equation 20.1❚

❚Equation 15.5❚
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is a flexible prior distribution for p and is the conjugate prior
distribution of the binomial distribution. The average of the b
distribution is given by
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❚Equation 20.2❚

Given y successes out of n needle passes, the revised
distribution for p (ie, the posterior probability distribution) is
given by
❚Equation 20.3❚

and the revised estimate for p, p', is given by
❚Equation 20.4❚

For example, suppose the initial estimate for the per-pass
probability for a particular case is 0.5. This can be represented
by a b distribution with parameters a = 5, b = 5. Now suppose
that no adequate samples have been observed after 3 needle
passes (y = 0, n = 3). The per-pass probability would be
revised downward to
0.29
          
Given this new estimate of p, the probability of obtaining an adequate sample in nf additional attempts is given by
Equation 9, and the expected number of additional needle
passes required to observe no adequate samples is given by
Equation 18.

The per-case probability of success increases as the
number of needle passes increases in both fixed and variable sampling policies ❚Figure 2❚. Variable sampling policies
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This study is a risk-benefit analysis in which risk is
expressed in terms of needle passes and benefit is expressed
in terms of the per-case adequacy rate (ie, the probability of
obtaining at least 1 adequate sample from the set of collected
samples). We use economic terminology to describe the relationships between different policies.10
Policies are compared along 2 dimensions: risk (needle
passes) and benefit (per-case probability of success). A policy
is absolutely dominated if it provides both higher risk and
lower benefit when compared with another sampling policy.
In other words, a policy is absolutely dominated if another
policy is superior in both dimensions (risk and benefit). When
plotted, the risk-benefit combinations of strategies that are not
dominated form an efficiency frontier. The efficiency frontier
represents the sampling alternatives with the most favorable
risk-benefit ratios (ie, fewest needle passes for a given percase adequacy rate). The slope of the line connecting any 2
policies corresponds to the incremental risk-benefit (or efficiency) of moving from one policy to an alternative policy.
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❚Figure 2❚ Effect of per-pass probability on per-case adequacy. The per-case probability of success (ie, obtaining at least 1
adequate sample) varies with the per-pass adequacy rate. A shows the results for fixed-sampling policies, and B shows the
results for variable sampling using rapid onsite evaluation. The number, n, corresponds to the number of needle passes (fixed
policy) or the required number of observed as adequate samples (variable policy).
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with no greater than 1 achieve high levels of adequacy even
when the per-pass adequacy rate is low. The number of
required needle passes increases at an increasing rate as the
per-pass adequacy rate decreases ❚Figure 3❚. The variability
in the number of needle passes also increases as the per-pass
adequacy decreases ❚Figure 4❚.

FNA is successful if at least 1 adequate sample is
obtained. In general, a greater number of needle passes are
required to achieve a higher per-case success rate ❚Figure 5❚.
The difference between policies depends on the per-pass success rate. As shown in Figure 5, there were significant differences in the sampling policy performance when the per-pass

15

Needle Passes

20
15

n=1
n=2
n=3

10
5

SD of Needle Passes

25

10
n=1
n=2
n=3
5

0

0
0.0

0.2

0.6

0.4

0.8

0.0

1.0

0.2

0.6

0.8

1.0

Per-Pass Probability of Success

Per-Pass Probability of Success

❚Figure 3❚ Expected number of needle passes in variable
sampling. The figure shows the average number of needle
passes that would be required to observe no adequate
samples in a variable sampling policy.
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❚Figure 4❚ Uncertainty in needle passes in variable sampling.
The figure shows the standard deviation of the expected
number of needle passes required to observe n adequate
samples.
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❚Figure 5❚ Sampling policy comparison. The figure shows the average performance for each policy as determined by the
per-case probability of success and the expected number of needle passes per case. Each policy is given a 2-character code.
The first character indicates the policy type (F = fixed, V = variable), and the second character indicates the number of needle
passes (fixed policy) or the required number of observed adequate samples (variable policy). Sensitivity was set at 0.8 and
specificity set at 0.95. The per-case probability of success was 0.3 (A) and 0.6 (B).
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adequacy was low (P = .3); however, the differences in performance were relatively small when the per-pass adequacy
was high (P = .6).
A fixed policy with 2 needle passes had the lowest probability of success and the lowest number of needle passes (F2;
Figure 5). When the per-pass probability of success was low
(P = .3), variable sampling policies were superior to fixed policies. Policy V1 provided a higher probability of success with
fewer needle passes than any fixed policy. The probability of
success could be increased by selecting a variable policy with
2 adequate samples (V2); however, the incremental risk/return
ratio was approximately 0.3 needle passes per percent gain in
probability of success. A similar pattern was seen when the
per-pass adequacy rate was high (P = .6).
Model Validation
Relatively few studies have published results showing
how the adequacy rate varies with the number of needle passes. Diacon et al6 published data for transbronchial FNA and
found that an adequate sample was obtained on 64.5% of the
initial needle passes. Using this value as an estimate of p, we
compared the predictions of our fixed model with the results
observed by Diacon et al6 ❚Table 1❚ and found a statistically
significant fit (c2 = 2.2 × 10–7, P < .001).

Discussion
Our study provides mathematical formulas that show
how the overall probability of success, expected number of
needle passes, and the variability in the number of needle
passes depend on the per-pass adequacy rate, the sampling
policy, and the accuracy of the assessor in ROSE. These
formulas make it possible to compare a wide range of sampling procedures.
No single sampling policy was strictly superior. The
efficiency frontier (ie, the set of most efficient sampling
methods) shows that increased per-case adequacy cannot
be achieved without increasing risk. In addition, increasing adequacy required more risk (ie, needle passes) as the
adequacy rate increased. With the exception of policy F2,
we found that variable sampling policies were superior to
fixed sampling policies. That is, variable or ROSE-based
sampling methods achieve any desired adequacy rate with
fewer needle passes than can be achieved using a fixed or
non-ROSE sampling method.
The difference in sampling policy performance depends
on the per-pass adequacy rate. When the per-pass adequacy
rate was low, there were significant differences between
methods (Figure 5, P = .3). When per-pass adequacy was
high (P = .6), the differences in performance were smaller.
This strongly suggests that the advantage of variable sampling
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❚Table 1❚
Comparison of Observed and Predicted Per-Case Adequacy
Rate
No. of Passes

Observed

Predicted

1
2
3
4

0.645
0.874
0.955
0.984

0.645
0.874
0.955
0.994

methods depends on the underlying per-pass adequacy rate.
The per-pass adequacy rate will depend on factors such as the
tissue being sampled (thyroid vs pancreas), characteristics of
the lesion (size), and FNA operator skill.
Studies have shown that ROSE improves FNA adequacy
when sampling the pancreas,11,12 lung,13-15 thyroid,16 soft tissue,17 head and neck,18 and breast19; however, the studies show
considerable variability. Our study shows that the impact of
ROSE is strongly dependent on the fixed number of needle
passes in the comparator policy. ROSE might be expected to
have a large impact in sampling environments with low perpass adequacy when compared with a fixed sampling policy
with a low number of passes (eg, F2 or F3). Otherwise, ROSE
would not be expected to show a significant effect.
Our model predicts that FNAC per-case adequacy
increases with the number of needle passes. This is consistent
with the results of studies that have been conducted in a wide
range of anatomic sites (parathyroid gland,2 abdominal and
pelvic organs,3,5,7 breast,1 pancreas,4,8 liver,20 and lung6) using
a variety of FNAC techniques (percutaneous,1,2 endoscopic
ultrasound-guided,3-5 transbronchial,6 and fluoroscopic and
computed tomography–guided7 FNA). The optimal number
of passes recommended from each of these studies has varied
from greater than 23 to at least 7,5 with 5 passes being most
often recommended. Other studies have disputed the number
of needle passes correlating with diagnostic yield specifically
regarding renal FNAs.9 However, it has been agreed upon
by the experts at the National Cancer Institute’s State of
the Science conference in October 2007 that in every single
study of thyroid FNA in which different numbers of passes
were compared, the more passes performed, the higher the
adequacy rate (up to 12 passes).21 Their consensus was that
5 passes were optimal, because beyond that number the small
increment in diagnostic material was outweighed by the
potential for harm to the patient. It can be concluded from all
of these studies that increasing the number of passes up to a
point is directly associated with an increased diagnostic yield
and therefore greater diagnostic accuracy with regard to FNA.
Our study adds to this knowledge by comparing the performance of different sampling policies (the number of needle
passes, use of ROSE) in different sampling environments. In
© American Society for Clinical Pathology
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particular, our study shows the impact of the number of needle
passes on FNAC effectiveness over a wide range of per-pass
adequacy rates.
Validation of our fixed-sample model requires data
showing the per-case adequacy as a function of needle
passes. Although studies often report adequacy rates, very
few studies report the adequacy rate as a function of needle
passes. We found only 1 study that reported the effect of
needle passes on per-case adequacy using a fixed-sample
policy.6 The predictions of our model showed almost perfect
correspondence (Table 1). Our fixed-sample model assumes
that the per-pass adequacy rate does not change with the
number of needle passes. It is possible that the per-pass needle
adequacy rate decreases with increasing needle passes due
to bleeding or other disruptions of the tissue; however, we
are aware of no data showing such an effect. The correspondence of our model with clinical data suggests that the
assumption of constant per-pass adequacy is correct in the
case of transbronchial FNA.
Our model does not attempt to predict the effect of factors
such as needle size, aspirator experience, anatomic location,
or tumor size on the per-pass adequacy rate, p. Rather, our
model takes the per-pass adequacy rate as an input and uses
it to compare the performance of various sampling policies
using the assumed per-pass adequacy rate. It is not necessary
to have precise estimates of p to use our model. For example,
one might use the model to compare the expected performance of ROSE against a non-ROSE fixed sampling policy in
an environment in which the per-pass adequacy rate, p, is likely to be low. Figures 1 and 5 provide a broad comparison of
the expected performance of ROSE vs non-ROSE sampling
policies under such a scenario. Many of the factors that affect
p (anatomic site, tumor size, aspirator experience) would be
constant in such a comparison and would not be affected by
the presence of an assessor. Thus, even if p is not precisely
known, our model allows for valid comparisons between
sampling policies. Our model is intended to compare the relative performance of sampling policies for a given value of the
per-pass adequacy rate (Figure 5) rather than to predict the
performance of a single sampling policy.
Although our model assumes a constant per-pass adequacy rate, p, this estimate can be updated by incorporating realtime data. For example, one might assume a value for p based
on historical data sampling a particular type of tumor at a
particular site (endoscopists sampling solid pancreatic tumors
at a particular hospital). The value of p is based on an average of past history; however, each case is unique. Our model
shows how to use Bayesian updating to revise the estimate of
p in light of failed needle passes. Such updating can indicate
when further sampling is likely to be futile.
Our study is limited because it only captures the trade-off
between effectiveness and needle passes. A more complete
© American Society for Clinical Pathology

study would include the monetary costs associated with failed
sampling (cost of open biopsy, resampling, or surgery to
obtain a biopsy specimen), the cost of adverse events, and the
cost of service provision (eg, variable cost per needle pass,
fixed cost of FNA session) in a cost-effectiveness study.
We focused our investigation on scenarios with relatively
high assessor accuracy (sensitivity = 80%, specificity 95%).
These assessor accuracy levels are similar to those commonly
reported in the literature.22-24
Our approach has several strengths. Our modeling
approach eliminates unwanted sources of variation (patientto-patient variation, site-to-site variation, etc). This enabled
us to demonstrate the trade-off curve between per-case FNA
effectiveness and needle passes for a range of different sampling policies. It is unlikely that a clinical study would be
able to obtain enough cases or control variation sufficiently
to reveal these relationships. For example, a sample size of
approximately 400 cases (200 in each arm) would be required
to demonstrate a 10% difference in adequacy. Relatively few
studies obtain sample sizes of this size.25,26
FNA adequacy can be analyzed with mathematical
models. We found that variable sampling methods (ROSE)
are generally superior to fixed sampling methods because
they require fewer needle passes for a given level of per-case
adequacy. The advantage of variable sampling is greatest
when the per-pass adequacy rate is low.
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