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ABSTRACT
OBJECTIVES: Cardiopulmonary arrest survival is,dependent on optimization of perfusion via
high quality cardiopulmonary resuscitation (CPR)sdefined by a complex dynamic between rate,
depth, and recoil velocity. Here we explore-the interaction between these metrics and create a
model that explores the impact of these variables on compression efficacy.
METHODS: This study was performed in a large urban/suburban fire-based emergency medical
services (EMS) system over.a 9-month period from 2019-2020. Manual chest compression
parameters [rate/depth/recoil velocity] from a cohort of out-of-hospital cardiac arrest (OOHCA)
victims were.abstracted from monitor defibrillators (ZOLL X-series) and end-tidal carbon
dioxide (ETCO2) from sensors. The mean values of these parameters were modeled against each
other using multiple regression and structural equation modeling with ETCO?2 as a dependent
variable.
RESULTS: Data from a total of 335 patients were analyzed. Strong linear relationships were

observed between compression depth/recoil velocity (r=0.87, p<0.001), ETCO2/depth (r=0.23,
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p<0.001) and ETCO2/recoil velocity (r=0.61, p<0.001). Parabolic relationships were observed
between rate/depth (r=0.39, p<0.001), rate/recoil velocity (r=0.26, p<0.001), and ETCO2/rate
(r=0.20, p=0.003). Rate, depth, and recoil velocity were modeled as independent variables and
ETCO?2 as a dependent variable with excellence model performance suggesting the primary
driver of stroke volume to be recoil velocity rather than compression depth.

CONCLUSION: We used manual CPR metrics from out of hospital cardiac arrests to model the
relationship between CPR metrics. These results consistently support the importance of' chest
recoil on CPR hemodynamics, suggesting that guidelines for optimal CPRsshould emphasize the

importance of maximum chest recoil.

Keywords: recoil velocity, chest recoil, CPR, end-tidal.€02;,0ut of hospital cardiac arrest,

structural equation modeling



INTRODUCTION

Cardiopulmonary arrest takes the lives of hundreds of thousands of people each year (1).
Survival is dependent upon optimal resuscitation including high quality cardiopulmonary
resuscitation (CPR) and early defibrillation (2, 3). The importance of exceeding and maintaining
coronary perfusion pressure with high quality CPR cannot be overstated (4-7). End-tidal CO2
(ETCO?2) has been shown to correlate with coronary perfusion pressure and cardiac output
during CPR, as a way of assessing blood flow during CPR (8). Although CPR guidelines and
training have emphasized the importance of optimal chest compressions for'several decades,

performance remains poor, which may explain the persistence of medioere survival rates (9-12).

Conceptually, cardiac output with chest compressions sheuld be a function of stroke volume and
heart rate, just as with spontaneous perfusion, with compression rate as a proxy for heart rate and
stroke volume as the difference in cardiacwolume'between chest recoil and subsequent
compression. While this would appear to justify the traditional axiom of “Push fast and deep”,
there appears to be a trade-off between fast compression rates and suboptimal compression depth
and recoil. Optimal chest compressions are associated with alternating positive and negative
intrathoracic pressuregrepresenting a formula for maximal cardiac output. The Resuscitation
Outcomes Consortium démonstrated diminished survival with excessively fast compression
rates, which appeared to compromise compression depth (13). Unlike spontaneous perfusion,
cardiac filling during chest compressions is dependent not only on central venous pressure but
also on negative intrathoracic pressure during chest recoil (14). Previous investigations observed
that excessively fast rates were associated with incomplete decompression, limiting the negative

intrathoracic pressure required for cardiac filling (13). Recoil velocity appears to be an



independent predictor of outcomes in cardiac arrest victims (15, 16). Several randomized
prospective trials demonstrated improved long-term survival and favorable neurologic outcomes
with use of active chest compression-decompression resuscitation (17, 18). However this
remains a debated topic with other trials and meta-analysis showing no difference in long term

survival and neurologic outcomes (19, 20).

Few studies have explored the relationship between compression depth, rate, reeoiland ETCO?2,
with notable gaps in the understanding of interactions between compression’parameters (21-23).
Here we utilize a large database of chest compression metrics to exploresthese four variables in
manual CPR performed on out-of-hospital cardiac arrest victims."We hypothesized the existence
of a non-linear relationship between these variables, using, ETCO?2 as a surrogate for cardiac

output.



METHODS

Design

We performed a retrospective analysis utilizing a large CPR database. All cases represented out-
of-hospital cardiopulmonary arrest victims from Riverside County collected from November
2019 through August 2020. No patient identifiers are maintained in the database. Thus, waiver

of informed consent was granted from the UC Irvine Institutional Review Board.

Setting

Riverside County includes a population of 2.4 million in an area of 7,300'square miles. While
the majority of the population lives in an urban environment, the'service area also includes
suburban, rural, and remote areas as well. Riverside County Fire Department responds to 911
calls from 101 different fire stations, the majority of which/provide advanced life support (ALS)
first response. The vast majority of first response vehicles include both emergency medical
technician - defibrillation (EMT-D) and paramedics. A private ALS transport unit also responds
to 911 calls and participates in arr€st resuscitation events. During the study period, all first
responding EMS providers were trained using the Advanced Resuscitation Training (ART)
program, which prometes high-performance CPR as well as the use of ETCO2 to modify target
CPR parameters to maximize cardiac output (24). Of note, chest recoil is emphasized by
promoting "oilpump" compressions, which involve both hands fully open with fingertips in
continuous contact with the chest and complete separation of the thenar/hypothenar eminences

from the chest with each compression.



First responding units apply an ALS defibrillator (ZOLL X Series™, ZOLL Medical Corp,
Chelmsford, MA), which records chest compression rate, depth (amplitude), and recoil velocity
using an accelerometer placed over the sternum. An ETCO?2 sensor is placed between the bag-
valve apparatus and either the mask or the advanced airway immediately upon initiation of chest
compressions. Defibrillators display the cardiac rhythm continuously, including the use of a
filter to reduce compression artifact. In addition, chest compression parameters [rate in,
compressions/min, depth (amplitude) in inches, recoil velocity as a semi-quantitative bar graph]
are displayed as real-time feedback. Following case completion, data files‘are uploaded to a
cloud-based repository for performance improvement review by trainedmurses and the medical

director. File names are annotated to reflect whether patients survived'to ED admission.

Subjects

During the nine-month study period (November 2019 - August 2020), CPR data for each
cardiopulmonary arrest victim were uploaded onto a secure, web-based server for performance
improvement analysis. For this analysis, all adult subjects (age >18 years) with intact data files
and a minimum of 15 minutes of CPR were included. Although we recommend the use of
capnometry with bothsbag-valve-mask and advanced airways, the end-tidal CO2 values utilized
for this analysis were limited to those obtained following endotracheal intubation. Subjects were
excluded if the/CPR duration was <15 minutes and for incomplete CPR data [depth, rate, recoil

velocity, end-tidal CO2].



Data analysis

Files were deidentified for the purposes of this analysis, with the following variables available
for analysis: chest compression duration; chest compression depth, rate, and recoil velocity; end-
tidal CO2 (ETCO2) for each minute; number of defibrillation attempts; return of spontaneous
circulation, and survival to ED admission. To account for the variability in CPR duration across
patients, mean values for each chest compression parameter [depth, recoil velocity, rate] as
calculated by the CPR analysis software (Code Review, ZOLL Medical, Chelmsford, MA) were
used for all analyses. In addition, a mean value for intra-arrest ETCO2 was caleulated for each

patient.

The primary goal of this investigation was to explore thednterrelationship between

chest compression rate, depth, and recoil velocity and theirassociation with ETCO?2 as a
surrogate for cardiac output. This was aceomplished using several different analytical
approaches. First, polynomial regression'was used to model the interrelationships between each
of the chest compression parametets [depth vs. recoil velocity, depth vs. rate, recoil velocity vs.
rate] and between each parameter and ETCO2. Second, stepwise multiple regression was used to
generate a combined model of chest compression parameters with ETCO2 as the dependent
variable. Finally; two_different structural equation models were generated. In the first, all three
chest compressionsparameters [rate, depth, recoil velocity] were used as input variables to predict
ETCO?2. In the second, chest compression depth and recoil velocity were used as input variables
for stroke volume, with chest compression rate and stroke volume used as input variables for
cardiac output as defined by end-tidal CO2. StatsDirect (Leeds, UK) was used for polynomial

regression analysis, and JASP 0.16.4 (University of Amsterdam, Netherlands) was used for



stepwise multiple linear regression and structural equation modeling. Statistical significance was
assumed for p<0.05. Regression coefficients and parameter estimates were used to characterize
the relationships between covariables. Structural equation model fit was quantified using
Comparative Fit Index (CFI) and Bentler-Bonett Normed Fit Index (NFI), with target values

>0.950.



RESULTS

Data from a total of 335 cardiopulmonary arrest victims were analyzed. Mean values for chest
compression depth, recoil velocity, rate, and arrest duration as well as mean ETCO2 values for
all patients are displayed in Table 1. It is worth noting that we reported the proportion of patients
in whom at least one defibrillation attempt was made at any time during resuscitative efforts,
since initial thythm was not available. For this analysis, ROSC was defined by sustained end-
tidal CO2 levels for at least 2 minutes in the absence of chest compressions. A strong linear
relationship was observed between deeper compressions and higher recoilvelocity (r=0.87,
p<0.001). Parabolic relationships were observed between compression.rate and both
compression depth (r=0.39, p<0.001) and recoil velocity (r=0,26,p<0.001), with both faster and
slower compression rates associated with shallower compression depth and reduced recoil

velocities. These data are displayed graphically in Figuressla, 1b, lc.

Linear relationships were observed between ETCO2 and both chest compression depth (r=0.23,
p<0.001) and recoil velocity (r=0.61, p<0:001), with deeper compressions and higher recoil
velocities associated with higher ETCO2 values. Again, a parabolic relationship was observed
between compressionrate and ETCO2 (1=0.20, p=0.003), with both faster and slower
compression rates associated with lower ETCO2 values. These data are displayed graphically in

Figures 2a, 2b,2¢:

Stepwise multiple linear regression modeling using chest compression depth, recoil velocity and
compression rate as input variables and end-tidal CO2 as the dependent variable resulted in a

moderate predictive ability (r=0.52, p<0.001). However, the model dropped compression depth



due to the covariability with recoil velocity, which was more strongly associated with ETCO2.
Due to the non-linear relationship between compression rate and ETCO2, the binomial equation
was used in place of compression rate in a second stepwise multiple linear regression model,
without improvement in predictive ability (r=0.51, p<0.001) and again with the model dropping

compression depth.

Two structural equation models were generated, each with excellent model perfoermance
[CFI>0.95, NFI>0.95]. The first model included each of the three chest compression parameters
[rate, depth, recoil velocity] as direct inputs and cardiac output [defined.by, ETCO2] as the output
variable. Higher recoil velocity was moderately associated with higher ETCO2, increased
compression depth was weakly associated with higher EFCO2, and faster compression rate was
weakly associated with lower ETCO2 (Figure 3). Thesecond model included chest compression
depth and recoil velocity as input variables to stroke volume, with compression rate and stroke
volume and direct inputs to cardiac output,(defined by ETCO?2) as the output variable. Stroke
volume was moderately associated with higher ETCO2 values, and faster compression rate was
weakly associated with lower ETCO2 values. Stroke volume appeared to be primarily

influenced by recoil velocity rather than compression depth (Figure 4).
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DISCUSSION

We utilized a large database of CPR parameters obtained in out-of-hospital cardiac arrest victims
to explore the complex relationship between chest compression rate, depth, and recoil velocity
and how they influence cardiac output as reflected by ETCO2. Both stepwise linear regression
and structural equation modeling suggested a strong relationship between recoil velocity and
ETCO2. In fact, the models prioritized recoil velocity over compression depth, likely'due to the
strong positive linear correlation between these two variables. Compression rate,did.not appear
to be an important contributor to cardiac output as reflected by ETCO2 but'instead displayed a
narrow range in which recoil velocity and compression depth were optimized. These data suggest
that recoil velocity is more important as a contributor to cardiac output'than previously

recognized.

The fundamental equation for cardiac output in a perfusing patient incorporates both rate and
stroke volume as positive contributors. Although somewhat unconventional, it is useful to
consider the physiology of cardiac’arrest using this same framework, with cardiac volumes
during chest recoil and following compression as correlates to diastolic and systolic volume,
respectively. Each of the stepwise regression and structural equation models documented that
chest recoil was most strongly associated with cardiac output as reflected by ETCO2 values.
This may indicate'that cardiac filling is a primary driver of chest compression efficiency.
However, it may also suggest that current chest compression performance has more variability in
recoil velocity than compression depth. Either interpretation would suggest that CPR training
should emphasize full chest recoil to a greater degree than simply instructing providers to “avoid

leaning on the chest”.
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These data are consistent with the findings of Roos et al as part of a mixed-effect model, with
increased ETCO?2 values associated with deeper compressions, slower ventilation rates, and
faster recoil velocities (25). In addition, clinical investigations document an association between
chest compression recoil velocity >400 mm/s and increased survival and improved neurologic
outcomes (15, 16). In addition, animal studies have associated incomplete chest recoil and
leaning with reduced cardiac output (14). This supports previous literature about active
compression-decompression devices which are thought to increase negative intrathoracic
pressure during chest decompressions via external mechanism (17). Similarly, impedance
threshold devices allow for improved chest recoil by restricting inflow'of air to the lungs during
chest decompression. Although outcomes of active compression-decompression devices remain
inconclusive, it does highlight the importance of chestrecoil as a variable in compressions (17-
20). Kovacs et al. observed that recoil velocity is not independent from other CPR parameters
(15). Our study is the first to model compression rate, depth, and recoil velocity with ETCO?2 as
a surrogate for cardiac output. Theinfluence of recoil velocity on ETCO2 combined with the
strong correlation between recoil velocity and compression depth may suggest that a key role of

compression depth is tosfacilitate faster recoil velocities.

While the cardiac'output equation would seem to value faster rates, the adverse effect of rate on
both depth and recoil velocity explains the decrease in ETCO2 with faster compressions, which
is also true for spontaneous circulation. Somewhat surprising was the relationship between

slower compressions and reduced recoil velocity. This may suggest that maximizing recoil

12



requires the absence of contact with the sternum during decompression, which is part of the

rationale for our use of “oil pump” compressions.

The ILCOR guidelines currently recommend a narrow range for depth (50-60 mm) and rate
(100-120) (25). However, in most studies a relatively small percentage of patients receive
compressions >50 mm in depth. The Resuscitation Outcomes Consortium observed a
relationship between increased compression depth and improved survival, with a reecommended
maximum compression depth of 40.3-55.3 mm (2, 26). Again, only a small'percentage of
patients had compression depths recorded above the recommended maximum values, making it
difficult to draw definitive conclusions about this group. In additien, while female patients
appeared to have a survival peak between 2-2.5 inches, male patients did not demonstrate a

decline in outcomes with deeper compressions (26).

There are multiple limitations that must be considered when interpreting these data. We did not
incorporate clinical outcomes into'the analysis, as our primary objective was to model chest
compression parameters against ETCO2 as a surrogate for cardiac output. In this context, the
present study should besconsidered physiological and hypothesis generating. The use of ETCO2
as a surrogate marker for cardiac output is justified based on both preclinical and clinical data (8,

27).

13



LIMITATIONS

The limitations of this analysis must be considered when interpreting these data. Mean values for
chest compression rate, depth, and recoil velocity as well as mean ETCO2 during arrest were
used for all models. The compression parameters were automatically calculated by the
performance improvement software, with neither individual compression data nor minute-by-
minute values available for this analysis. This automatically adjusts for the variability’in CPR
duration across patients, avoiding disproportionate influence of data from patients with longer
resuscitation periods. However, we anticipated that this might increase thelikelihood of a Type II
error, potentially obscuring a true relationship between ETCO2 and eachrof the chest
compression parameters. The strength of the relationship betweenyrecoil velocity and ETCO2
despite the use of mean values across the duration of resuscitation was somewhat unexpected but
appears to underscore the importance of this chest compression component. The dynamic
relationship between chest compression parameters and ETCO2 remains unproven and is fertile
ground for future exploration. The data used in this study was not linked to clinical data,
including prehospital initial rhythm, which limits the ability to evaluate patient outcomes or even

arrest etiology beyond the delivery of direct countershocks at some time during the resuscitation.

The use of meanETCO2 values for each patient also fails to account for individual differences
with regard to baseline ETCO2 and optimal chest compression dynamics. Variability in thoracic
cavity size, the physical properties of each patient’s cardiovascular system, and potential fatigue
to chest wall structures likely all contribute to defining an optimal set of parameters for
compression rate, depth, and chest recoil. Even more important is the potential variability in

initial ETCO2 values based on arrest etiology, ventilation, temperature suggesting that dynamic

14



changes in ETCO2 may be more useful than absolute ETCO2 to indicate relative increases and
decreases in cardiac output (28-30). We did not incorporate ventilation rate into the models due
to the difficulties in accurately measuring this variable during CPR. Providers apply a single
breath on the upstroke of every tenth compression, which should limit the incidence of
inadvertent hyperventilation, which has potential to reduce ETCO2 values by decreasing PaCO2
values and by decreasing cardiac output (31, 32). Previous studies have also shown that
inadequate ventilation via BVM occurs with upwards of 50% of attempted ventilations, which
may contribute to elevated ETCO2 levels during cardiac arrest resuscitationi’(33). Again, these
should have increased the chance of Type II error and made it more difficult to find an
association between the variables. Thus, we were somewhat surptised at the strength and
consistency of association between recoil velocity and EFCO2, particularly using structural
equation modeling. Finally, we could not account for chest-wall deformation and the resultant
impact on recoil velocity, although the relationship,between chest wall integrity and cardiac

output may be more complex than previously anticipated (34).
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CONCLUSIONS

Here we used manual CPR metrics obtained from out-of-hospital cardiac arrest victims to
generate both stepwise regression as well as structural equation models to explore the
interrelationship between chest compression rate, depth, and recoil velocity in predicting ETCO2
as an indirect surrogate for cardiac output. The models consistently support the influence of
chest recoil on CPR hemodynamics, which is critical in improving cardiac arrest outcomes.
These data suggest that guidelines for optimal CPR should emphasize the importanee of maximal

chest recoil.
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Figure 1a: Linear regression modeling compre depth against recoil velocity

(r=0.87, p<0.001).
Figure 1a footnotes: None
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Figure 1b: Polynomial regression modeling co on rate against compression
depth (r=0.39, p<0.001).
Figure 1b footnotes: None @6
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Figure 2b footnotes: None
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(r=0.20, p=0.003).

Figure 2c footnotes: None
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Figure 3: Structural equation model incorporating compression rate [‘Rat” defined by
data element “Rate”], compression depth [“D” defined by data element “Dpt’], and recoil
velocity [‘Rec” defined.by data element “Rcl’] as predictors of cardiac output [‘CO”
defined by data.element “CO2’].

Figure 3 footnotes: None
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Figure 4: Structural equation model incorporating'compression rate [‘R” defined by data
element “Rat’] and stroke volume [‘SV’] as defined by recoil velocity [‘Rcl’] and
compression depth [“Dpt’] as predictors of cardiac output [“CO” defined by data element
“C0o27.

Figure 4 footnotes: None
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Table 1: Clinical and CPR variables for study population.

Mean or %
Parameter
(95% ClI)
22.6
CPR duration (min)
(21.9-23.3)
2.2
Depth (inches)
(2.1-2.3)
118
Rate (compressions/min)
(111-125)
370
Release velocity (mm/sec)
(361-379)
325
EtCO2 (mmHg)
(30.9-34.1)
0.7
Mean shock (#)
(0.5-0.9)
42
Defibrillation attempt during resuscitation/{(%)
(34-50)
42
Return of spontaneous circulation: (%)
(36-49)
37
Survival to ED admission,(%)
(31-43)

Table 1 footnotes:

CPR = cardiopulmonary resuscitation
Cl = confidence intervals

ETCO2 = end-tidal CO2

ED = emergency department
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