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Abstract: The power of a study can be established with estimation of total effective sample size (Niotat).
In this study, the impact of the length of mechanical ventilation (LoMV) distribution shape in intensive
care on the estimated Ny is investigated. This study provides an overview on the study design involving
LoMYV, the resulting potential limitations, and the criteria for a ‘successful’ design. Data from mechanical
ventilated patients in a single-center intensive care unit were used in this study. The N was estimated
using two methods: 1) Model-based Altman’s nomogram (a standard); and 2) Monte-Carlo simulation.
Using Monte-Carlo simulation, a patient selection criteria is imposed to estimate N from ‘realistic’
patient cohorts. The Altman nomogram shows that the Nyl to detect a 25% change in LoMV (ALoMV)
at power of 0.8 is >1000 patients. For the Monte-Carlo simulation, a N >260 patients is needed to
detect similar changes. It is important to consider the LoMV distribution shape and variability,
particularly relative to target patient groups who might benefit from the intervention. Assessment of
ALoMYV in response to treatment should be carefully considered to avoid an under-powered studies. The
Monte-Carlo simulation combined with objective patient selection provides better design of such studies.
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1. INTRODUCTION

Mechanical ventilation (MV) is a primary therapy for patients
with respiratory failure. MV is a straightforward therapy, but
complex in execution with relatively little consensus in
treatment practice. There are several randomised controlled
trials (RCT) investigated the effect of MV strategies (The
Acute Respiratory Distress Syndrome Network, 2000, Mercat
et al., 2008, Brower et al., 2004, Meade et al., 2008), but only
a few had shown significant results. Clinical significance was
driven by outcome measurements that are surrogates for good
outcome from patient-specific response to treatment
(Blackwood et al., 2014). In MV, a primary target has always
been reducing LoMV (Esteban et al., 2002), and its opposite
ventilator free days (VFD). In particular, the mean
incremental cost of MV in intensive care unit (ICU) patients
was $1522 per day (Dasta et al., 2005). Thus, aside from
improving the clinical outcomes, there is also a significant
economic motivation to improve MV quality and LoMV.

However, the main issue is that patients are extremely
variable (Dickson et al., 2014) and their response to treatment
is highly individual and specific (Sundaresan and Chase,
2011). Thus, small reductions in LoMV for a specific study
may not be detected if it is under-powered (Whitley and Ball,
2002, Pintado et al., 2013). Table 1 shows several RCTs
where only three (The Acute Respiratory Distress Syndrome

Network, 2000, Mercat et al., 2008, Strem et al., 2010) were
able to show statistical significance in reducing LoMV.

One possible reason for a non-significant result is an
ineffective MV treatment protocol. However, the authors also
hypothesize that inter- and intra- patient variability in LoMV
response to MV are fundamental causes that affect the
statistical power of a study (Altman and Bland, 1995, Van
Der Lee et al.,, 2009). Thus, a clinical trial that aimed to
reduce LoMV, or increase VFD, should be designed to target
specific patient groups who are likely to benefit from the
treatment and whose distribution of patient-specific LoMV is
amended to seeing a change for reasonable sample size.

This study aims to provide a more in-depth understanding on
how to estimate a total effective sample size (Niowi) for
detecting changes in LoMV (ALoMV). We compare two
effective sample size calculation methods: 1) Model-based
Altman sample size calculation; (Altman, 1980, Whitley and
Ball, 2002); and a 2) Monte-Carlo Simulation approach using
data derived from retrospective patient data from a single
centre intensive care unit (ICU). The first method is a well-
accepted model-based Altman nomogram (Altman, 1980,
Whitley and Ball, 2002, Van Der Lee et al., 2009, Kim and
Seo, 2013). The second is a Monte-Carlo simulation-based
approach that is hypothesized to produce a more effective and
realistic calculation (Oakley et al., 2010).
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Table 1. LoMYV or VFD for several RCT, and their significance value

Study No. Outcome Groups (Number of patient) p-value
Patient LoMYV or Vent Free Days
(in mean + standard deviation or
median [interquartile range])
ARDSNet (The Acute Respiratory 861 VFD* Low Vt+ (432) High Vt (429) 0.0070
Distress Syndrome Network, 2000) 12+11 10+11
ALVEOLI (Brower et al., 2004) 549 VFD Lower PEEP# (273) Higher PEEP (276) 0.5000
14.5+10.4 13.8+10.6
EXPRESS (Mercat et al., 2008) 767 VFD Minimal distension (382) Increased recruitment (385) | 0.0400
3 [0-17] 7[0-19]
LOVS (Meade et al., 2008) 983 LoMV Control (507) Lung open (475) 0.9200
10 [6-16] 10 [6-17]
Meta-Analysis (Briel et al., 2010) 2299 VFD Lower PEEP (1136) Higher PEEP (1163) 0.1000
11[0-21] 13 [0-22]
Individualised PEEP (Pintado et 70 VFD Control (36) Intervention (34) 0.1600
al., 2013) 0[0-15.75] 1 [0-18]
Sedation Study (Strem et al., 2010) 113 VFD Control (58) No Sedation (55) 0.0191
18.0 [0-24.1] 6.9 [0-20.5]

*VFD - Number of ventilator free days, days 1 to 28, in which the patient had been breathing without assistance for at least 48
consecutive hours, +Vt - tidal volume, #PEEP - Positive end expiratory pressure

In particular, a patient selection method can be implemented
in the Monte-Carlo simulation approach to simulate a
realistic clinical trial conditions. It also provides a means of
testing whether inter-patient variability in a recruited cohort
will affect study outcome/ power. This approach is enabled
by the increasing ease of which patient ‘meta-data’ (Age,
Sex, LoMV, Acute Physiology and Chronic Health
Evaluation (APACHE) II or III Scores) can be gathered.
More importantly, Monte-Carlo simulation makes no
assumption on distribution shapes that may not be realistic
for some target cohorts.

This approach thus gives an overview of study design
involving LoMV, potential limitations, and the criteria for
designing a potentially ‘successful’ study.

2. METHODS

2.1 Patient Information: Length of Mechanical Ventilation

Data from patients admitted to the Christchurch Hospital ICU
from 2011 to 2013 were used. Of the 3907 patients admitted,
2921 patients (75%) required MV, and 2534 (65%) patients
were invasively ventilated through intubation or tracheotomy.
For all 2534 invasively ventilated patients, their APACHE III
diagnostic code and LoMV during invasive ventilation are
included. The 2534 invasively ventilated patients are set as
Cohort A. The mean (+ SD) LoMV for Cohort A is 3.23 +
7.03 days (median = 0.72 days [IQR: 0.24-2.62]).

Realistic potential trial exclusion criteria were imposed to
Cohort A using APACHE III diagnostic code to obtain a
targeted retrospective cohort, Cohort B. These criteria have
been used in prior studies and they are: (1) Patients who are
likely to be discontinued from MV within 24 hours, (2)
Patients with increase intracranial pressure, (3) Patients who
have significant weakness from any neurological disease, (4)
Patients who have asthma as the primary presenting condition
or a history of significant chronic obstructive pulmonary

disease and (5) Patients who are pregnant (The Acute
Respiratory Distress Syndrome Network, 2000, Brower et al.,
2004, Mercat et al., 2008, Meade et al., 2008, Pintado et al.,
2013, Strem et al., 2010).

Specifically, patients with following APACHE III diagnostic
code (ANZICS, 2013) were excluded: Non-operative
neurological (400), post-operative neurological (1500),
chronic obstructive pulmonary disease (206), asthma (209),
head trauma with or without multi trauma (601), multi trauma
with spinal injury (604), isolated cervical spine injury (605),
post operation patients: head trauma with or without multi
trauma (1601), post operation patients: multi trauma with
spinal injury (1604), post operation patients: isolated cervical
spine injury (1605) and pregnancy-related disorder (1802).
Patients with LoMV less than 1 day and more than 30 days
were also excluded. These exclusion criteria were chosen
based the clinical implication that these patient may not
benefit from a MV intervention, or could be harmed in some
cases. It is also easy to implement in simulation and in a
clinical trial.

After imposing the exclusion criteria, the number of patients
who might benefit and be eligible for the study was reduced
to 744 (19% of total patients admitted to ICU or 29% of
patients requiring invasive MV). The LoMV for Cohort B
was mean 5.81 £ 6.30 days (median = 2.92 days [IQR: 1.67-
7.38]), and is significantly different from Cohort A (p < 0.05
using Student #-test and Wilcoxon ranksum test and
Kolmogorov-Smirnov test).

2.2 Sample Size Estimation Methods

2.2.1 Model-based Altman Nomogram

The Altman nomogram (Altman, 1980, Whitley and Ball,
2002) uses an estimation of standardised difference of a
clinical surrogate and desired statistical. The standardised
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differences in this study were obtained using the mean (+ SD)
of Cohorts A and B. The Niywa is determined for several
standardised differences for 0.8 power. It should be noted that
the normality assumption in this approach matches those of
many other methods (Van Der Lee et al., 2009, Kim and Seo,
2013, van der Tweel et al., 2012, Lachin, 1981). Thus, these
methods may not be suitable to estimate Niow for clinical
surrogates that are severely skewed and heavy upper-tailed,
like LoMV and many others despite their frequent use.

2.2.2 Monte-Carlo Simulation Sample Size Estimation

Monte-Carlo simulation is a simple standardised method and
provides a more realistic estimate of the sample size needed
to achieve the required changes in LoMV. We have used it to
simulate ALoMV by percentage or any other method, instead
of standardised difference. Thus, in response to an effective
treatment, patients with longer LoMV may experience higher
ALoMYV, whereas patients with lower LoMV may see a lesser
or zero absolute change as might be expected clinically.
Thus, such a relative change is comparatively more clinically
relevant, and likely to match actual trial conditions.

Monte-Carlo simulation is applied to both Cohorts A and B
to determine the power for different values of N Each
power analysis is carried out in five hierarchical steps shown
in Table 2, with 10,000 iterations. All simulations were
performed using MATLAB (R2014a, The Mathworks,
Natick, Massachusetts, USA). A one-sided Student #-test (z-
test), a one-sided Wilcoxon ranksum (RS-test) and a
Kolmogorov-Smirnov  test (KS-test) were used for
significance testing of the difference in mean and other
distribution characteristic (median and variability). In
addition, a separate Student t-test was applied following log
transformation of highly skewed LoMV data prior to the
Student #-test to account for those studies which properly

treat skewed data, to make the assumptions of approximate
normality of the population more realistic.

3. RESULTS

3.1 Altman Nomogram Sample Size Estimation

For Cohort A shown in Fig 1, the minimum estimated Niotal
was 170 for a 0.43 standardised difference ALoMV (~3 days
or ~94% difference from the mean). The Ny increases to
5000 patients for a 0.1 standardised difference in LoMV (~1
day or 33% difference from the mean).

Fig. 2 shows the Ny for the targeted cohort, Cohort B. The
minimum N estimated was 140 for 0.47 standardised
difference in LoMV (~3 days or ~52% difference from the
Cohort B mean). The N increases to 4000 patients for a
0.08 standardised difference in LoMV (~1 day or 17%
difference from the Cohort B mean). It is clear that the Niotal
increases exponentially for every reduction of standardised
difference.

3.2 Monte-Carlo Simulation Sample Size Estimation

Fig. 3 shows the statistical power for each sample size and
reasonable ALoOMV ranging from 5-30% using Monte-Carlo
analysis for Cohort A. The KS-test compares the shape of the
ALoMYV distribution for both control and intervention group,
and it requires smaller sample size to see the difference
compared to other significance tests. The RS-test comparing
the median and ¢-test on the log scale (comparing the mean)
overlapped in sample size estimation, as might be expected.
In this study, the #-test on the original (un-logged) scale had
the lowest power of all the statistical tests. Fig. 4 shows the
statistical power for each Niowi, at various ALoMV for Cohort
B, where the Ny required are much smaller compared to
Cohort A.

Table 2. Sequence of the power analysis for each Monte-Carlo simulation

The cohort patient is selected with replacement.
Various sample sizes of each treatment group is tested.

Step Description Tests
1. | Patient e Select a patient cohort: Cohort A
Cohorts 1) Cohort A includes all invasively ventilated patients. Cohort B
2) Cohort B is created from Cohort A by imposing exclusion criteria.
2. | Sample e Randomly select patients from a patient cohort (Cohort A or Cohort B) e Total sample size = 200,
Size and assign each patient to a treatment group. 1) Control group or 2) 300, 400... 5000 patients.
Selection Intervention group. e Or other total sample sizes

with higher resolution such
as 200, 220, 240... 600

LoMYV intervention = LoMV patient % (100% -Percentage reduction)
The difference in LoMV ranges from 5 to 30% of total LoMV.

Total sample size = Control sample size + Intervention sample size patients.
3. | Difference Impose a difference in LoMV between two groups. o Difference of LoMV =5,
in LoMV e The LoMV in Intervention group is reduced by the chosen percentage. 10, 15, ... 30%

For a given sample size and significance level a, statistical power is
evaluated as the proportion of iterations for which the p <.

L]
4. | Statistical o Perform statistical test comparing the LoMV between two groups. o Student #-test
Test o Using parametric and non-parametric tests. o Student #-test (log scale)
e A value of p < 0.05 is indicates that LoMV for intervention group is e Wilcoxon Ranksum test
significantly different from control group. e Kolmogorov-Smirnov test
5. | Power e FEach Monte-Carlo simulation iteration will generate a p-value for each e E.g. for 10000 Monte-Carlo
Analysis statistical test. iterations, if p < a for 84%

(8400 iterations), Power =
0.84.
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Fig. 1. Nyw estimation using Altman nomogram for Cohort A
at 0.8 power (Whitley and Ball, 2002).
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Fig. 2. Ny estimation using Altman nomogram for Cohort B

at 0.8 power (Whitley and Ball, 2002) .
4. DISCUSSION

4.1 Sample Size Estimation using Altman Nomogram

Results in Fig. 1 suggest that a relatively large Nl is
required to detect a reasonable 0.05-0.15 standardised
differences (0.5 to 1 day or 10-33%) in LoMV for Cohort A
(an average of >1500 patients). Niw of 1300 patients are
required to detect 0.05-0.15 standardised difference (0.5 to 1
day or 10-33%) with 0.8 power for Cohort B.

Cohort A has highly skewed LoMV. Thus, the nomogram,
which assumes a normal distribution for LoMV may not be
suitable for N1 estimation even using log transformed data.
Even for Cohort B, where it is much less skewed, Niotal
decreases only slightly. Thus, there is a need to specify the
Niotal using different method, as well as the ability to include
patient selection criteria to target a more specific patient and
LoMYV distribution (Van Der Lee et al., 2009). For that type
of analysis, a Monte-Carlo based simulation is better to
assess power.

4.2 Sample Size Estimation using Monte-Carlo Simulation

In this study, the Monte-Carlo simulation performed using
Cohort A showed that a very large sample size is required to
detect a reasonable ALoMV. It was impossible to detect 10%
changes or lower in LoMV in this cohort with power of more
than 0.8 within the sample sizes considered, as shown in Fig
3. A power of 0.8 can only be achieved when the ALOMYV is
increased to 15% or more. This result clearly shows that a
statistically significant study to detect ALoMV must be
conducted in a more targeted patient distribution that is still
easily segregated from the full cohort.

One of the main causes of being under-powered is the
skewed population (Van Der Lee et al., 2009), which has
high variability and a heavy upper tail. Thus, it is very
important to impose strict inclusion and exclusion criteria to
filter outlying patients that also may not benefit from a new
treatment. For example, surgical patients that required very
short LoMV (<1 day) or patients with very long LoMV due
to clinical reasons other than respiratory failure (>30 days,
e.g. due to head or spinal injuries). However, if the treatment
affects all patients in the same multiplicative way, then it
should be noted that statistical power for tests on absolute
difference can be lost by removing patients with longest
LoMYV (as the absolute treatment effect is larger for them).

One of the ideal inclusion criteria in other studies is to focus
on patients with a more severe form of respiratory failure,
such as the acute respiratory distress syndrome (ARDS).
And, as observed in this study, when other patients were
excluded, the Ny was significantly smaller in Cohort B
when compared to the all patients Cohort A.

There are various guides on how to calculate an effective
sample size (Van Der Lee et al., 2009, Kim and Seo, 2013,
van der Tweel et al.,, 2012, Lachin, 1981). These studies
emphasise the need for normally distributed population and
use a standardised difference. However, in this study, we
observed that LoMV, like many outcome measurements
cannot be characterised by a normal distribution, and that
performing data  transformations  (log-transformation
considered here) may not completely solve the problem.
Monte-Carlo simulation provides the opportunity to estimate
Nt Without such as strong population assumption and
specific, objectively determined cohorts. Estimation of Nioal
for these cohorts can be performed using retrospective cohort
data and Monte-Carlo simulation.

The use of clinically realistic cohorts and objective exclusion
criteria, such as APACHE II or APACHE III diagnostics
codes (ANZICS, 2013), is easily replicated in a real trial.
Equally, the ability to use a percentage ALoMV or similar,
such as a more clinically realistic percent LoMV change, is
another advantage in making the N estimation better
match what could occur in reality. Thus, all these advantages
provide an estimate that is more realistic and more likely to
be matched in trial conditions, providing greater certainty of
achieving the necessary power.
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Fig. 3. Sample size statistical power with different ALoMV using Cohort A. (Top row from left to right) 5% difference, 10%
difference and 15% difference, (Bottom Row from left to right) 20% difference, 25% difference and 30% difference.
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Fig. 4. Sample size statistical power with different ALoMV using Cohort B. (Top row from left to right) 5% difference, 10%
difference and 15% difference, (Bottom Row from left to right) 20% difference, 25% difference and 30% difference.

4.3 Study Limitation and Recommendation

One of the major concerns is that LoMV distributions may
vary between centres (Van Der Lee et al, 2009). This
variability in patient distribution means that the Ny derived
from this study may only be applicable to the participating
centre or other regional centres that have similar
characteristics (Van Der Lee et al.,, 2009). However, the
solution and approach presented in this study is generalisable
and easily repeated across multiple centres, separately or
together. A reasonably small, center-specific pilot study may

be used to obtain information on LoMV distribution if it is
not available.

The changes of LoMV used in this study were arbitrarily
chosen and may not represent the true possible LoMV change
for any given intervention (Schulz and Grimes, 2005). In fact,
this percentage or absolute changes in LoMV is not reported
in most studies, as shown in Table 1, as it is dependent on the
effect of the treatment and the specific target of the
intervention. However, LoMV, and its surrogate VFD, are
still the most and frequently used metrics. Thus, given the
effective sample size and percentage difference in LoMV
needed, the results suggest that the clinical outcome (LoMV)
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requires a large sample size due to the high variability in the
population.

5. CONCLUSIONS

In this study, Nl to detect changes in LoMV are examined
using a standard nomogram and through Monte-Carlo
simulation. The nomogram is not suitable to estimate the
sample size of a standardised difference from typically highly
skewed and heavy tailed data. In these cases, the Monte-
Carlo simulation can be used to determine the trial sample at
a pre-set power. For an intervention study that aims to reduce
LoMYV, it is important to consider those who might benefit
from the treatment, targeting patients who have moderate
LoMYV in a way that is objective and can be easily replicated
in the study. Finally, even after strict inclusion and exclusion
criteria, ALoOMV is a difficult metric and may be under-
powered without larger cohorts.
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