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Abstract 

Decompression sickness (DCS) in man is a condition associated with reduction in 

ambient pressure.  These reductions may result from a return to normobaric pressure 

from hyperbaric pressure, or an ascent to hypobaric pressure.   Previous approaches to 

mitigate the risk of DCS have been based on both deterministic and probabilistic 

decompression algorithms.  Deterministic decompression algorithms generate ascent 

schedules with binary outcomes.  Following the prescribed ascent schedule should 

prevent the onset of DCS.  Failure to comply with the prescribed schedule should make 

the onset of DCS an inevitable outcome.  However, in practice DCS may occur in 

individuals that follow deterministic decompression schedules precisely and may not 

occur in individuals that fail to comply with these schedules.  Probabilistic algorithms 

do not provide a decompression schedule with a binary outcome, instead they generate 

a schedule associated with a target probability of DCS occurring. 

In this work, several aspects of probabilistic algorithms are investigated using 

the techniques of survival analysis and numerical optimization.  All work was 

completed using computer software coded in the C# programming language.  Model 

optimization and evaluation techniques described below were completed using U.S. 

Navy standard dive data sets.  These dive data sets consist of time series recordings of 

pressure, inspired gas, DCS outcome, last known time at which test subjects were 
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healthy, and time at which DCS symptoms were definitely present if applicable.  This 

data did not require institutional review board approval for use and has been previously 

described in the literature. 

Models investigated were evaluated with their optimized parameters using 

statistical tests to determine how well they described both the training data and data not 

included in the training set.  Statistical techniques used to evaluate the models included 

the Akaike information criterion (AIC), Pearson Х2 test, and occurrence density 

functions.  AIC had to be used as the models examined during this work were often not 

nested within each other.  When models were nested, the log likelihood difference test 

was used to compare the candidate models.  In addition to these rigorous statistical 

tests, graphs were frequently used to present qualitative information about the 

underlying models and/or data. 

There is no diagnostic test for DCS, and as such, the outcome of an exposure is 

not always clear.  Test subjects may experience transient symptoms of DCS which 

spontaneously resolve prior to recompression treatment.  These mild events which 

spontaneously resolve are termed marginal DCS events.  During optimization, marginal 

DCS events are typically assigned a fractional weight of either 0.5 or 0.1 with a full DCS 

event being weighed as 1.0 and a non-event as 0.0.  Previous work [1] has shown that the 

overall quality of model fit to the data can be improved by assigning a weight of 0.0 to 

marginal DCS events during optimization.  In this work the U.S. Navy Linear-
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Exponential (LE1) and Linear-Exponential Multigas (LEM) models were re-optimized 

against the BIG292 and NMRI98 data sets with marginal DCS events weighted as 0.0.  

Features were added incrementally to the Exponential-Exponential (EE1) model until 

LE1 or LEM were formed to evaluate if the features were still statistically justified.  All 

features were found to be statistically relevant; these features were a linear gas washout 

and a threshold term in the case of LE1 and linear gas washout, a threshold term, and 

the inclusion of oxygen as a participating gas in the case of LEM.  Further, the addition 

of these features enabled both models to more accurately predict the observed 

incidences and times of occurrence of DCS for the profiles in their training sets.  Prior to 

re-optimization, LE1 had incorrectly ascribed the risks of marginal DCS events entirely 

to bounce dives.  LEM gave undue weight to saturation dives in the training set due to 

the bulk of marginal events occurring during saturation dive exposures, despite 

saturation dives only comprising 14.4% of the data.  It is concluded that marginal DCS 

events should not be assigned a fractional weight, but should be accommodated by 

another mechanism in the model optimization process. 

Pharmacokinetic gas content models have been shown to well describe gas 

uptake and washout in the skeletal muscle and cerebral tissue of sheep.  These models 

differ from the EE1, LE1, and LEM models in that they feature multi-exponential 

kinetics.  The multi-exponential kinetics arise from using a series of compartments 

coupled by either perfusion or diffusion in lieu of a collection of parallel independent 
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perfusion limited compartments.  Eleven models incorporating coupled compartments 

were investigated in this work along with one model that consisted of a single 

perfusion-limited compartment.  Six of the models had been previously investigated 

using sheep and five were novel. 

No pharmacokinetic gas content model described the overall NMRI98 data better 

than the LEM model by weighted AIC index.  However, several data subsets including 

single air, repetitive and multilevel air, and oxygen decompression dives were better 

described by pharmacokinetic gas content models than either LEM or the single 

perfusion limited compartment.  A single perfusion limited compartment outperformed 

both LEM and all of the pharmacokinetic gas content models for saturation exposures.  

No one model being the best descriptor of all dive data types indicates that multiple 

compartment structures are needed to best describe the data.   

The four best performing pharmacokinetic gas content models; Central Serial 

Two Tissue (CS2T/CS2T_3) and Perfusion Diffusion Base (PDB/PDB_10); were 

augmented with the incorporation of oxygen as a participating gas.  Oxygen was 

incorporated by the addition of a sink term to the differential equations describing 

oxygen uptake and washout.  A sink term was used to allow for oxygen to be scaled in 

future work with the addition of exercise information.  Unlike a model based on a 

collection of parallel uncoupled compartments (LEM), none of the pharmacokinetic gas 

content models were improved by the addition of oxygen as a participating gas.  This 
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suggests that the benefit from including oxygen as a participating gas is a function of the 

underlying model structure and not the data. 

Combining multiple pharmacokinetic gas content models was also explored in 

this work.  The combinations of CS2T3_PLB, PDB_PLB, CS2T3_PDB, and PDBX2 were 

all tested.  PLB stands for perfusion limited base model (the single perfusion limited 

compartment used above) and PDBX2 is two copies of the PDB model in parallel.  

Notionally, using a collection of pharmacokinetic gas content models in parallel should 

allow for one compartment (PLB) to describe the saturation dive data and another 

collection of compartments such as CS2T_3 to describe the rest of the data.  In practice 

this did not happen, each of the models combined optimized to each bear a fraction of 

the risk for all dives.  Pharmacokinetic gas content models consisting of a collection of 

different parallel compartment structures did not better describe the data than LEM.   

The final problem considered in this work is the problem of calculating an ascent 

path to end a hyperbaric exposure with the shortest possible ascent time and without 

exceeding a specified target risk (probability of DCS occurring).  Current methods for 

solving this problem are based upon searching through hundreds to thousands of 

possible schedules until an acceptable solution is found.  However, it is possible to 

directly calculate the shortest ascent path which does not exceed the target risk.  The 

necessary calculations to determine the shortest path within a target risk are described.  
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However, this path is not necessarily unique and further work will be needed prior to 

this work becoming a complete solution to the ascent search problem. 

This work provides significant advances to probabilistic algorithms for 

mitigating the risk of DCS during diving.  The LE1 and LEM models were re-optimized 

with marginal DCS events weighted as non-events.  Re-optimization resulted in more 

accurate prediction of risk by the models when compared to their respective training 

data.  Pharmacokinetic gas content models were investigated in depth and they were 

found to be good predictors for air diving and oxygen decompression diving.  The need 

for oxygen as a participating gas was ruled out for pharmacokinetic gas content models.  

Combinations of multiple pharmacokinetic gas content models were found to not 

optimize well when naively combined, suggesting a need for a more complex likelihood 

function.  Finally, an outline for directly calculating the optimal ascent path for a given 

hyperbaric exposure as part of a probabilistic decompression algorithm was provided.  

Together this work provides a significant step toward probabilistic decompression 

algorithms being a viable replacement for deterministic decompression algorithms in all 

underwater operations. 



 

 

x 

Table of Contents 

Abstract ......................................................................................................................................... iv 

Table of Contents .......................................................................................................................... x 

List of Tables ................................................................................................................................ xv 

List of Figures ............................................................................................................................. xix 

Definition of Acronyms ............................................................................................................. xxi 

Acknowledgements ................................................................................................................ xxiii 

1. Background ........................................................................................................................... 1 

1.1. Dive Data ...................................................................................................................... 3 

1.2. Deterministic Algorithms Using Gas Content and Bubble Dynamics ................. 8 

1.3. Probabilistic Models of Gas Content and Bubble Volume .................................. 10 

1.3.1. Exponential Gas Uptake and Elimination ......................................................... 13 

1.3.2. Model Optimization .............................................................................................. 16 

1.3.3. Metrics of Model Performance ............................................................................ 17 

1.3.3.1. Akaike Information Criterion ..................................................................... 17 

1.3.3.2. Pearson Х
2
 Test .............................................................................................. 18 

1.3.3.3. Fractional Risk Attributed to Model Compartments .............................. 19 

1.3.3.4. Occurrence Density Functions .................................................................... 20 

1.3.3.5. Confidence Intervals of Fitted Parameters ................................................ 21 

1.4. Summary of Research ............................................................................................... 22 

2. Assessment of the Impact of Scoring Marginal DCS Cases as Non-Events ............... 27 



 

 

xi 

2.1. Introduction ................................................................................................................ 27 

2.2. Methods ...................................................................................................................... 28 

2.2.1. Data ......................................................................................................................... 28 

2.2.2. Models..................................................................................................................... 29 

2.2.3. Model Selection ..................................................................................................... 32 

2.2.4. Calculation of No-Stop Limits ............................................................................. 33 

2.3. Results and Discussion ............................................................................................. 33 

3. Pharmacokinetic Gas Content Models as a Predictor of Decompression Sickness in 

Humans: Coupled Perfusion-Limited Compartments .......................................................... 52 

3.1. Introduction ................................................................................................................ 52 

3.2. Methods ...................................................................................................................... 54 

3.2.1. Data ......................................................................................................................... 55 

3.2.2. Models..................................................................................................................... 56 

3.2.2.1. Perfusion Limited Base Model (PLB) ......................................................... 57 

3.2.2.2. Serial Two Level Parallel (S2LP) ................................................................. 57 

3.2.2.3. Serial Two Tissue (S2T) ................................................................................ 58 

3.2.2.4. Serial Three Tissue (S3T) ............................................................................. 58 

3.2.2.5. Central Serial Two Tissue (CS2T/CS2T_3) ................................................ 59 

3.2.2.6. Linear Exponential Multi-Gas (LEM-NMRI98) ........................................ 62 

3.2.3. Solution of Model Equations ............................................................................... 63 

3.2.3.1. Numerical Solution ...................................................................................... 63 

3.2.3.2. Exact Solution ................................................................................................ 64 



 

 

xii 

3.2.4. Model Performance ............................................................................................... 71 

3.3. Results ......................................................................................................................... 71 

3.4. Discussion and Conclusions .................................................................................... 85 

4. Probabilistic Pharmacokinetic Models of Decompression Sickness in Humans: 

Perfusion-Diffusion Models ...................................................................................................... 90 

4.1. Introduction ................................................................................................................ 90 

4.2. Methods ...................................................................................................................... 91 

4.2.1. Data ......................................................................................................................... 91 

4.2.2. Models..................................................................................................................... 92 

4.2.2.1. Perfusion Limited Base Model (PLB) ......................................................... 98 

4.2.2.2. Perfusion Diffusion Base Model (PDB/PDB_01/PDB_10) ....................... 98 

4.2.2.3. Perfusion Limited Countercurrent Diffusion (PLCCD) .......................... 99 

4.2.2.4. Perfusion Diffusion Countercurrent Diffusion (PDCCD) ...................... 99 

4.2.2.5. Serial Two Level Parallel Diffusion (S2LPD) .......................................... 100 

4.2.3. Solution of Model Equations ............................................................................. 100 

4.3. Results ....................................................................................................................... 101 

4.4. Discussion and Conclusions .................................................................................. 111 

5. Oxygen as a Participating Gas in Pharmacokinetic Gas Content Models ................ 116 

5.1. Introduction .............................................................................................................. 116 

5.2. Methods .................................................................................................................... 118 

5.2.1. Data ....................................................................................................................... 118 

5.2.2. Derivation of Model Equations ......................................................................... 119 



 

 

xiii 

5.2.3. CS2T_O2/CS2T_3O2 ....................................................................................... 120 

5.2.4. PDB_O2/PDB_10O2 ........................................................................................ 123 

5.3. Results ....................................................................................................................... 124 

5.4. Discussion and Conclusions .................................................................................. 130 

6. Mixed Pharmacokinetic Models and Combined Analysis of Pharmacokinetic 

Models ........................................................................................................................................ 132 

6.1. Introduction .............................................................................................................. 132 

6.2. Methods .................................................................................................................... 133 

6.2.1. Improvement to Selection of Initial Parameters ............................................. 133 

6.2.2. Data ....................................................................................................................... 134 

6.2.3. Models................................................................................................................... 134 

6.2.3.1. PDB_PLB ...................................................................................................... 135 

6.2.3.2. PDBX2 .......................................................................................................... 136 

6.2.3.3. CS2T3_PLB .................................................................................................. 138 

6.2.3.4. CS2T3_PDB .................................................................................................. 140 

6.3. Results ................................................................................................................... 142 

6.4. Discussion and Conclusions .............................................................................. 145 

7. Optimal Decompression Schedule Generation ............................................................ 147 

7.1. Introduction .............................................................................................................. 147 

7.2. Methods .................................................................................................................... 148 

7.2.1. Prior Schedule Generation Methods ................................................................ 149 

7.2.1.1. Exhaustive Search Procedure (Brute Force) ............................................ 149 



 

 

xiv 

7.2.1.2. Two Phase Search Method ........................................................................ 149 

7.2.1.3. USN Real-Time Search Algorithm ........................................................... 153 

7.2.2. Direct Calculation of an Optimal Ascent Path ................................................ 155 

8. Acknowledgement of Limits .......................................................................................... 158 

Appendix A: Parameters for all Pharmacokinetic Gas Content Models Optimized 

Against all Subsets of the NMRI98 Data ................................................................................ 159 

Appendix B: Optimization Results for Pharmacokinetic Gas Content Models 

Incorporating Unrestricted Oxygen Tissue Tensions .......................................................... 176 

References .................................................................................................................................. 181 

Biography ................................................................................................................................... 191 

 



 

 

xv 

List of Tables 

Table 1: BIG292 and NMRI98 data breakdown by number of profiles, exposures, and 

DCS events per dive type. ............................................................................................................ 7 

Table 2: Extrapolation data set.  The extrapolation data set is a subset of the USN N2-O2 

primary data set. ........................................................................................................................... 8 

Table 3: Variable definitions for functions and equations in Chapter 1. ............................. 24 

Table 4: Summary of features in the models investigated in Chapter 2. ............................ 29 

Table 5: Best fit parameters with Wm = 0.0 for the BIG292 data. .......................................... 34 

Table 6: Model optimization and selection results from the NMRI98 data set with Wm = 

0.0.  Bulk PDCS is the total number of cases of DCS that each model predicts for the 

NMRI98 data set. ......................................................................................................................... 40 

Table 7: Best fit model parameters against the NMRI98 data set with marginal DCS 

events weighted as 0.0.  Gains are represented by g, tissue rates by k, crossover pressure 

to linear kinetics by PXO, and threshold for risk accumulation as THR. ........................... 41 

Table 8: Comparison of the no-stop limits prescribed for air dives by each model 

studied. ......................................................................................................................................... 49 

Table 9: Variable definitions and units for Chapter 2. ........................................................... 51 

Table 10: Dive data subset descriptions, number of profiles, exposures and the resulting 

number of observed DCS cases in the training data. ............................................................. 55 

Table 11: Summary of the pharmacokinetic models investigated in Chapter 3. ............... 61 

Table 12: Best-fit parameters and results against the full NMRI98 data set where, gi 

parameters are gains and kij parameters are rate constants. ................................................. 73 

Table 13: Bulk probability of decompression sickness for the NMRI98 data set and 

subsets compared to the CS2T_3 and LEM-NMRI98 models. .............................................. 80 

Table 14: Comparison of results on the extrapolated data set for Chapter 3. .................... 81 



 

 

xvi 

Table 15: Best fit model parameters against the NMRI98 data set, gi parameters are gains 

kij parameters are rate constants. ............................................................................................... 83 

Table 16: Definitions and units for variables in Chapter 3. ................................................... 88 

Table 17: Summary of pharmacokinetic gas content models explored in Chapter 4. ....... 95 

Table 18: Pharmacokinetic gas content models with diffusion results after optimization 

on the NMRI98 data set. ........................................................................................................... 102 

Table 19: Model fit results for dive type subsets using pharmacokinetic gas content 

models with diffusion. ............................................................................................................. 107 

Table 20: Number of DCS cases per dive type predicted by each model in Chapter 4... 109 

Table 21: Number of predicted cases of the best fit models and LEM-NMRI98 calculated 

using the extrapolation data set. ............................................................................................. 110 

Table 22: Summary of parameters and variables used in Chapter 4. ................................ 115 

Table 23: Full data set model fit results for pharmacokinetic gas content models 

including oxygen as a participating gas. ............................................................................... 126 

Table 24: Bulk PDCS predicted by each model.  The bulk PDCS predicted by each model 

for the full NMRI98 data set and eight subsets of it are presented. ................................... 128 

Table 25: Predicted number of cases of DCS by each model included in Chapter 5. ...... 129 

Table 26: Definitions and units for variables in Chapter 5 .................................................. 131 

Table 27: Optimized parameters with 95% confidence intervals using the NMRI98 data 

set for parameter optimization. ............................................................................................... 143 

Table 28: Definitions and units for variables in Chapter 6. ................................................. 146 

Table 29: Best Fit Parameters for the Single Air data subset using coupled perfusion 

limited pharmacokinetic gas content models. ...................................................................... 159 

Table 30: Best fit parameters for the single air data subset using perfusion-diffusion 

pharmacokinetic gas content models. .................................................................................... 160 



 

 

xvii 

Table 31: Best fit parameters for the single non-air data subset using coupled perfusion 

limited pharmacokinetic gas content models. ...................................................................... 162 

Table 32: Best fit parameters for the single non-air data subset using perfusion-diffusion 

pharmacokinetic gas content models. .................................................................................... 163 

Table 33: Best fit parameters for the repetitive and multilevel air data subset using 

coupled perfusion limited pharmacokinetic gas content models. ..................................... 164 

Table 34: Best fit parameters for the repetitive and multilevel air data subset using 

perfusion-diffusion pharmacokinetic gas content models. ................................................. 165 

Table 35: Best fit parameters for the repetitive and multilevel non-air data subset using 

coupled perfusion limited pharmacokinetic gas content models. ..................................... 166 

Table 36: Best fit parameters for the repetitive and multilevel non-air data subset using 

perfusion-diffusion pharmacokinetic gas content models. ................................................. 167 

Table 37: Best fit parameters for the oxygen decompression data subset using coupled 

perfusion limited pharmacokinetic gas content models. .................................................... 168 

Table 38: Best fit parameters for the oxygen decompression data subset using perfusion-

diffusion pharmacokinetic gas content models. ................................................................... 169 

Table 39: Best fit parameters for the surface decompression with oxygen data subset 

using coupled perfusion limited pharmacokinetic gas content models. .......................... 170 

Table 40: Best fit parameters for the surface decompression with oxygen data subset 

using perfusion-diffusion pharmacokinetic gas content models. ...................................... 171 

Table 41: Best fit parameters for the saturation data subset using coupled perfusion 

limited pharmacokinetic gas content models. ...................................................................... 172 

Table 42: Best fit parameters for the saturation data subset using perfusion-diffusion 

pharmacokinetic gas content models. .................................................................................... 173 

Table 43: Best fit parameters for the all minus saturation data subset using coupled 

perfusion limited pharmacokinetic gas content models. .................................................... 174 

Table 44: Best fit parameters for the all minus saturation data subset using perfusion-

diffusion pharmacokinetic gas content models. ................................................................... 175 



 

 

xviii 

Table 45: Full data set model fit results with unconstrained oxygen. ............................... 177 

Table 46: Bulk PDCS predicted by each pharmacokinetic gas content model 

incorporation unconstrained oxygen.  The bulk PDCS predicted by each model for the 

full NMRI98 data set and eight subsets of it are presented. ............................................... 179 

Table 47: Predicted number of cases of DCS by each pharmacokinetic gas content model 

incorporating unconstrained oxygen included in this study. ............................................ 180 

 

 



 

 

xix 

List of Figures 

Figure 1: Shift of risk in saturation dives from the BIG292 data set. ................................... 36 

Figure 2: The risk shifts all non-saturation profiles in BIG292. ............................................ 37 

Figure 3: Ternary plot of integrated risks from all profiles in BIG292 as predicted by the 

LE1 model after optimization with marginal events weighted (Wm = 0.1) and with 

marginal events unweighted (Wm = 0.0) in the training set. .................................................. 38 

Figure 4: The occurrence density function (ODF) for the BIG292 data set. ........................ 39 

Figure 5: Shift in risk of the saturation dives in the NMRI98 data set. ................................ 43 

Figure 6: The risk shifts all non-saturation profiles in NMRI98. .......................................... 44 

Figure 7: Ternary plot of integrated risks from all profiles in NMRI98 as predicted by the 

LEM model after optimization with marginal events weighted (Wm = 0.1) and marginal 

events unweighted (Wm = 0.0) in the training set. .................................................................. 45 

Figure 8: The observed occurrence density function (ODF) for the NMRI98 data set and 

ODFs for the data set as estimated by LEM optimized with Wm = 0.1 and Wm = 0.0. ....... 47 

Figure 9: Air dive no-stop limits published in the USN Dive Manual Revision 7 and as 

prescribed by the LE1 and LEM models after being refit with Wm = 0.0. ........................... 50 

Figure 10: Plot of the proportion of the compartmental risk contribution to the total 

integrated risk for CS2T_3 against the full NMRI98 data set, separated by saturation 

dives and all other exposures. ................................................................................................... 75 

Figure 11: Plot of the proportion of compartmental risk contribution to the total 

integrated risk for CS2T_3 against the full NMRI98 data set; separated by single air 

bounce dives and all other exposures. ..................................................................................... 76 

Figure 12: Occurrence density function (ODF) of the calibrated NMRI98 data set and the 

CS2T_3 model fit. ........................................................................................................................ 77 

Figure 13: This figure shows the difference in prediction of PDCS over the entire 

NMRI98 data set for both the CS2T_3 model and the LEM-NMRI98 model. .................... 79 



 

 

xx 

Figure 14: Normalized risk fraction of perfusion and diffusion using the base model 

(PDB) with the full NMRI98 data set. .................................................................................... 104 

Figure 15: Occurrence density function (ODF) of the NMRI98 data set and predictions 

from the PDB model. ................................................................................................................ 106 

Figure 16: LEM-NMRI98 vs. PDB predicted risks per profile. ........................................... 112 

Figure 17: CS2T_O2/CS2T_3O2 model schematic. ............................................................... 120 

Figure 18: PDB_O2/PDB_10O2 model schematic. ................................................................ 123 

Figure 19: Schematic diagram of PDB_PLB........................................................................... 135 

Figure 20: Schematic diagram of PDBX2. .............................................................................. 137 

Figure 21: Schematic diagram of CS2T3_PLB. ...................................................................... 139 

Figure 22: Schematic diagram of CS2T3_PDB. ..................................................................... 140 

Figure 23: Risk contribution per functional group normalized by total risk contribution 

for the PDB_PLB model. .......................................................................................................... 145 

Figure 24: The inner search is responsible for optimizing the placement of 

decompression time between the available decompression stops. .................................... 151 

Figure 25: The external search is responsible for optimizing the total decompression 

time.............................................................................................................................................. 152 

Figure 26: Real-time search flow chart.  The flow chart describes the real-time search 

procedure for probabilistic decompression algorithms. ..................................................... 154 

Figure 27: Schematic diagram of directly calculated optimal ascent path.  p1 is the 

pressure when the diver begins their ascent. ........................................................................ 156 

 

  



 

 

xxi 

Definition of Acronyms 

Acronym Definition 

AIC Akaike information criterion 

AICc Second order Akaike information criterion 

AMS All minus saturation dive data subset 

ANMRI Augmented Navy Medical Research Institute 

ATA Atmospheres absolute 

BIG292 USN nitrogen-oxygen data set 

CI Confidence interval 

CS2T Central serial two tissue model 

CS2T_3 Central serial two tissue model allowing all compartments to 

accumulate risk 

CS2T_O2 CS2T model with oxygen included as a participating gas 

CS2T3_O2 CS2T_3 model with oxygen included as a participating gas 

CS2T3_PDB CS2T_3 model in parallel with a PDB model 

CS2T3_PLB CS2T_3 model in parallel with a PLB model 

DCS Decompression sickness 

EE1 Exponential-exponential model equivalent to PLBX3 

FSW Feet sea water 

IRB Institutional review board 

LE1 Linear-exponential model 

LE1-USN93 Linear-exponential model with the USN93 parameter set 

LEM Linear-exponential multigas model 

LEM-NMRI98 Linear-exponential multigas model with the NMRI98 parameter 

set 

LL Log likelihood 

NMRI Navy Medical Research Institute 

NMRI98 Navy Medical Research Institute dataset encompassing BIG292 

and additional exposures with high partial pressures of oxygen; 

also a parameter set for the LE1 model 

O2D Oxygen decompression diving data subset 

ODF Occurrence density function 

PDB Perfusion diffusion base model 

PDB_01 Perfusion diffusion base model that only accumulates risk in the 

diffusion compartment 

PDB_10 Perfusion diffusion base model that only accumulates risk in the 

perfusion compartment 



 

 

xxii 

PDB_O2 PDB model with oxygen included as a participating gas 

PDB_PLB PDB model in parallel with a PLB model 

PDBX2 Two perfusion diffusion base models in parallel 

PDCCD Perfusion diffusion counter current diffusion model 

PDCS Probability of decompression sickness occurring 

PLB Perfusion limited base model 

PLBX3 Perfusion limited base model with three compartments, 

equivalent to EE1 

PLCCD Perfusion limited counter current diffusion model 

S2LP Serial two level parallel model 

S2LPD Serial two level parallel diffusion model 

S2T Serial two tissue model 

S3T Serial three tissue model 

SurDO2 Surface decompression with oxygen data subset 

TDT Total decompression time 

TTS Time to surface 

USN United States Navy 

VVAL79 Maximum permissible tissue tensions for use with the Thalmann 

algorithm 

WIC Weighted Akaike information criterion index 

USN93 A parameter set for the LE1 model 

 

 



 

 

xxiii 

Acknowledgements 

Significant contributions to this work were made by Dr. Laurens Howle, Dr. 

Wayne Gerth, Dr. David Doolette, Dr. Richard Vann, Dr. Ethan Hada, Dr. Ashleigh 

Swingler, and Amy King.  This work was supported by the Office of Naval Research 

under grant #N00014-13-1-0063 and Naval Sea Systems Command (NAVSEA-00C - 

http://www.navsea.navy.mil/) under contract #N00024-13-C-4104.  BelleQuant 

Engineering, PLLC provided computational resources.  Thank you all. 



 

1 

1. Background  

Decompression sickness (DCS) is a condition characterized by a wide variety of 

signs and symptoms, including, but not limited to joint pain, girdle (radiating 

abdominal) pain, paresthesia, paralysis, dyspnea, general malaise, cognitive 

dysfunction, and death [2, 3].  DCS is typically divided into two categories based upon 

symptoms; type 1 pain only and type 2 neurological [4].  For modeling purposes, 

however, no distinction is made between the types of DCS in this work.  DCS is 

associated with gas bubbles formed in vivo as a result of a reduction in ambient pressure, 

which occur in the course of diving, hyperbaric oxygen treatments, high altitude flights, 

and spaceflight.  This work is focused solely on DCS resulting from exposure to 

hyperbaric environments.   

The pathophysiology of DCS is not well understood.  Endothelial dysfunction 

and inflammatory pathways have both been proposed as the mechanism by which gas 

bubbles cause DCS, but neither has been definitively proven [5].  It is known that a state 

of gas super-saturation sufficient for bubble nucleation must occur in vivo for DCS to 

occur [2, 3, 6].  During hyperbaric exposures, gases breathed at increased partial 

pressures dissolve at those pressures in the tissues of the subject’s body.  When such 

exposures are followed by sufficiently rapid and extensive reductions of the ambient 

pressure (decompression) a state of gas super-saturation occurs.  This state of gas super-

saturation may be relieved by the formation of bubbles in the body, bubbles which must 

be present for DCS to occur, but may be present without DCS occurring.  These bubbles 
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may be extravascular or may form in or find their way into the venous vasculature and 

travel to the lungs where they may be filtered out and expelled, or passed to the arterial 

circulation.   

During diving operations, there are typically three inspired gases of interest: 

oxygen, nitrogen, and helium.  Oxygen, the only metabolic gas considered in this work, 

is commonly added to a diver’s inspired gas both to support metabolic function and 

mitigate the risk of DCS by reducing the nitrogen or helium content of the inspired gas.  

Replacing inert gases with oxygen is of benefit to reducing the risk of decompression 

because oxygen is metabolized into carbon dioxide which has a much higher solubility 

in tissue and blood [7].  Consequently, carbon dioxide vanishes from the sum of partial 

pressures which contribute to the super-saturation of tissues.  The need to consider a 

portion of the inspired oxygen as inert gas when calculating gas super-saturation [8], 

will be shown to be model dependent in Chapter 5.  Helium is used to reduce or 

eliminate the narcotic effect of nitrogen at depth.  Helium may either be used during 

diving as heliox, a mixture of helium and oxygen, or trimix, a mixture of helium, 

oxygen, and nitrogen.  Nitrogen may be added to the breathing gas in the case of diving 

to depths of 500 feet sea water (FSW) or greater to reduce the risk of high pressure 

nervous syndrome [9]. 

Efforts to limit the incidence of DCS have focused around defining ascent criteria 

that are considered “safe”.  Safe is defined as DCS not occurring or only occurring with 

an incidence rate deemed acceptable by the participants in the dive/exposure.  Two 
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classes of algorithms, deterministic and probabilistic, have been developed, which 

notionally create “safe” strategies for decompression.  Deterministic algorithms typically 

define a set of ascent criteria which, if followed, are not expected to result in DCS.  If the 

ascent criteria are violated, DCS is considered likely to occur.  Probabilistic algorithms 

differ from deterministic algorithms in that they assume DCS is a random event; rarely 

do all participants experiencing the same exposure experience DCS.  Instead of 

assuming the onset of DCS is inevitable, probabilistic algorithms rely upon probabilistic 

models which predict the probability of DCS occurrence associated with a given 

exposure [10, 11].  Probabilistic algorithms must therefore also define an acceptable 

probability of DCS along with all other ascent criteria.   

1.1. Dive Data 

There are several different types of dives that are classified based on the 

characteristics of the descent profile, ascent profile, and inspired gas.  Bounce dives are 

the most common dive type and include all recreational diving.  These dives are 

characterized by a short bottom phase, followed by either a direct ascent to the surface 

or an ascent with decompression stops en route to the surface.  Decompression stops are 

isobaric holds on ascent which are intended to allow inert gas to be eliminated from the 

diver’s body before further reductions of the ambient pressure, thus reducing the levels 

of gas supersaturation during subsequent ascents to comply with the safe ascent criteria 

of the decompression algorithm being used.  There are five sub-categories of bounce 

dives: 
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 Single dives during which the diver descends to a working depth and then 

returns to the surface upon completion of decompression stops as needed. 

 Repetitive/multilevel dives in which either multiple bounce dives are strung 

together with a period of time spent on the surface (surface interval) between 

dives to wait for off-gassing (the elimination of supersaturated gasses) to occur 

or significant times are spent at multiple depths during a single dive. 

 In-water oxygen decompression dives during which the diver switches to a gas 

with a high concentration of oxygen, or pure oxygen during decompression.   

 Surface decompression with oxygen dives in which the diver is surfaced and 

removed from the water to be placed in a hyperbaric chamber and returned to 

pressure to complete decompression breathing oxygen. 

 Submarine escape dives which are characterized by a rapid descent to a bottom 

depth followed by short dwell time at the bottom and a rapid no-stop ascent to 

surface.    

Saturation dives comprise the other dive type considered in this work.  During a 

saturation dive, the diver remains at a storage depth for time sufficient to equilibrate his 

tissues at that depth.  In principal, the time at depth can be as long as required to 

complete even the most lengthy tasks, after which only a single decompression to the 

surface need be completed.  Saturation diving allows working dives to be undertaken at 

much greater depths than bounce dives, but typically requires much longer and slower 
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decompressions.  Detailed descriptions of the procedures used for both bounce and 

saturation diving can be found in the U.S. Navy Diving Manual [12, 13]. 

Each dive profile in present work is represented as a series of “nodes” that 

record depth, time, and inspired gas.  Typically, dive profiles will have an associated 

DCS outcome. These outcomes identify if the profile resulted in DCS, marginal DCS, or 

no DCS.  Marginal DCS events indicate that a definitive diagnosis of DCS was not made, 

but it could not be ruled out.  When an outcome of DCS is reported, time of onset is also 

reported as a pair of times, the last known time the subject was healthy (T1) and the time 

at which symptoms are known to have occurred (T2).  In the event DCS was not 

observed, the profile is right censored when observation ended.  A dive made by a 

specific individual using a profile is referred to as an exposure.  Typically, many 

exposures are performed on each profile in a data set and the number of exposures is 

recorded.  The Augmented Navy Medical Research Institute Standard (ANMRI) data 

format is a concise machine readable format that was developed and used to encode the 

dive data collected by the U.S. Navy (USN) and other institutions [14].  The ANMRI 

standard has been updated since its initial development to allow for the inclusion of 

exercise and temperature data to assess the work rate and thermal state of the test 

subjects [15].  Thermal effects have been shown to have a significant impact on 

decompression stress; however, they are not addressed within this work [16].    

All data used in this study originates from the USN N2-O2 dive database, which 

has been previously published in multiple locations [8, 15, 17-19] and does not require 
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approval from an institutional review board (IRB) for use.  All exposures in this data set 

were conducted in hyperbaric chambers with subjects either dry or water-immersed.  

Depth and temperature were tightly controlled with the outcome of the exposure being 

determined by medical officers from the institution that performed the dive trial.  Two 

subsets of the USN N2-O2 dive database were used, BIG292 and NMRI98, both of which 

have been previously used to calibrate models by the USN.  The first data set, BIG292, 

consists of 3,322 exposures in 1,038 different time and depth profiles, during which 190 

full DCS events occurred and 110 marginal DCS events occurred.  The NMRI98 data set 

augments BIG292 with an additional 1,013 exposures in 266 additional profiles, for a 

total of 4,335 exposures and 1,304 profiles.  These additional exposures used gases with 

increased oxygen content during either or both the working and decompression phases 

of the dives.  The NMRI98 data set has a total of 223 full DCS events and 127 marginal 

DCS events.  Table 1 provides a summary of the dive type and quantity of each outcome 

in the BIG292 and NMRI98 data sets. Further details about the data will be provided as 

needed in the following chapters. 
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Table 1: BIG292 and NMRI98 data breakdown by number of profiles, 

exposures, and DCS events per dive type.  All data in the table is included in the 

NRMI98 data set.  BIG292 contains all of the rows in white.  The grey rows are the 

data including high oxygen content inspired gases added to BIG292 in order to form 

the NMRI98 data set. 

Subset Name Profiles Exposures DCS 

Single Air 373 1005 53 

Single Non-Air 264 678 25 

Repetitive and Multilevel Air 126 565 34 

Repetitive and Multilevel Non-Air 100 607 26 

Surface Decompression with Oxygen 82 427 11 

In Water Oxygen Decompression 184 586 22 

Saturation 175 467 52 

 

A separate subset of data was selected from the USN N2-O2 primary dive data 

collection for use in validating the predictions from a model and testing its ability to 

extrapolate outside of its training set.  The extrapolation data set contained 3,140 

exposures distributed among 1,198 profiles.  During these exposures, 147 full DCS 

incidents occurred. Table 2 provides a breakdown of the extrapolation data by dive type 

along with the number of profiles, exposures, and DCS cases associated with each data 

file.  The extrapolation data were selected based on availability and, consequently, not 

all dive data types are represented in the extrapolation data set. 
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Table 2: Extrapolation data set.  The extrapolation data set is a subset of the 

USN N2-O2 primary data set.  The distribution of the data was based on availability 

and is consequently skewed toward surface decompression exposures and does not 

include all dive types used in the training set.  The light grey rows indicate the type of 

dive profiles in the following data files. 

Data File Name Profiles Exposures DCS 

Single Air 

DC4D 254 797 19 

EDU849LT2 74 141 26 

EDU545 42 94 18 

EDU1157 27 46 15 

NMR97NOD 9 103 3 

NMRNSW2 45 91 5 

Repetitive and Multilevel Air 

DC4DR 28 142 1 

EDU657 74 142 4 

Repetitive and Multilevel Non-Air 

EDU1180R 15 128 2 

Surface Decompression 

DC8ASURW 63 98 5 

DC8ASUREPW 10 17 1 

EDU1351SD 435 1,035 20 

EDU545SUR 84 197 27 

NMRASUR90 22 64 0 

NMROSUR90 16 45 1 

 

Total 1,198 3,140 147 

 

1.2. Deterministic Algorithms Using Gas Content and Bubble 
Dynamics 

Early approaches to the definition and implementation of safe ascent criteria for 

human decompression considered the body to consist of a collection of parallel-perfused 

compartments that each represent a different hypothetical tissue.  Compartments with 

slower gas uptake and elimination were used to represent poorly perfused tissues such 
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as bone and cartilage.  Faster compartments would be well perfused tissue such as 

spinal or cerebral tissue, with other tissues falling between these two extremes.  The first 

effective deterministic algorithm using this approach is commonly attributed to Haldane 

et al [20] who defined safe ascent criteria in terms of a critical value of compartmental 

supersaturation.  Decompressions staged to keep compartmental supersaturations 

below the critical value were presumed to not result in DCS.  On the other hand, 

decompressions in which the critical value is exceeded in any compartment were 

expected to result in DCS.  This approach has since been improved by allowing for 

different permissible supersaturations in each compartment and acknowledging that the 

permissible supersaturation changes with depth [21, 22].  More rigorous work into the 

mechanism and rates of gas transport in the body highlighted that these compartments 

are just mathematical abstractions and not empirical models of any specific anatomical 

tissues [23].  Workman [24, 25] then presented an approach in which maximum 

permissible tissue tensions (M-Values) of inert gas are tracked in each compartment 

instead of supersaturations.  Algorithms using M-Values are still in use [26-28].   

To more closely mimic what is understood of the pathophysiology of DCS, 

models were concurrently developed which track the number or size of theoretical 

bubbles in one or more compartments [29-31].  One class of these models was based on 

observations of bubble growth in gelatin, considering gelatin to be an analog of 

biological tissues [32-36].  In deterministic algorithms using bubble models, instead of a 

limiting supersaturation or M-Value, a critical bubble number or bubble radius/volume 
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is identified.  This critical bubble number or radius is used as the threshold below which 

DCS will not occur and above which DCS is likely to occur.  Both classes of models 

discussed so far are used in deterministic algorithms.  Deterministic algorithms share 

the characteristic that for a given exposure at depth, they prescribe a single ascent profile 

by which to arrive at the surface without inducing DCS.  The single ascent path is 

dictated by the maximum permissible compartmental gas tensions, bubble numbers, or 

bubble volumes.  Deterministic algorithms are still widely used today by civilian and 

military divers [12, 26, 27, 29, 37-39].  One drawback to deterministic algorithms is as the 

severity of the exposure increases so does the risk of DCS occurring within the “safe” 

exposure limits [40].  There is no compelling evidence that either deterministic gas 

content or bubble models perform better than the other [41]. 

 

1.3. Probabilistic Models of Gas Content and Bubble Volume 

Probabilistic models provide estimates of the probability of DCS occurring 

during or after a given exposure [11].  These models support algorithms that explicitly 

control the risk of DCS in their ascent schedule prescriptions and consequently allow the 

increasing risk of DCS with increasing depth and time, a feature characteristic of 

deterministic algorithm prescriptions, to be avoided. They also address the high 

variability of individual susceptibility to DCS on different days and in different dive 

exposures[42].  Algorithms which use probabilistic models also have the additional 

benefit of allowing the user to select the target probability of DCS based upon mission 
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parameters.  Similar to deterministic algorithms, there are probabilistic algorithms based 

on a collection of compartments using either gas content or bubble dynamics [8, 43-51].  

Unlike deterministic algorithms, probabilistic algorithms must know the entire ascent 

path.  Without a full dive profile the probability of DCS occurring cannot be calculated.  

Due to the need for a complete ascent path many profiles must be evaluated to find an 

acceptable decompression schedule.  The challenges posed by probabilistic 

decompression schedule generation will be discussed in Chapter 7. 

The output of a probabilistic model is the probability of DCS (PDCS) calculated 

via the risk function from survival analysis [11, 52],   

 
 

  01.0

tn

i i
i

g r dt

PDCS e , (1) 

where 

  0
i

r .  (2) 

A compartmental gain parameter (gi) is used to scale the instantaneous risk (ri) in each of 

n compartments. The gain is often an estimated parameter, although it is possible to 

calculate optimal gain values for a given parameter set [53].  The profile is integrated 

until the right censored time.  The instantaneous risk for the ith compartment (ri) of gas 

content models is given in terms of the prevailing compartmental gas supersaturation, 

(PTi +PFVG- PB):   
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where Thri is a threshold supersaturation that must be exceeded before risk accumulates 

in the compartment. For compartments which do not have a threshold, Thri is set to 0.  It 

has been shown that adding a threshold term to one or more compartments improves 

gas content model performance in many situations [51, 54-58].  PB is the ambient 

pressure and PFVG is the total partial pressure of the metabolic gases; oxygen, carbon 

dioxide, and water vapor [59, 60]; presumed constant and equal to 0.1917 atm [43].  In 

models which include oxygen as a participating gas, oxygen is removed from PFVG and 

calculated separately.  
iT

P is the tissue tension of inert gas in the ith compartment.   Many 

other hazard functions have been examined for gas content models showing that 

supersaturation ratio is sub-optimal [54, 55, 61].   Supersaturation ratio is, however, less 

complicated to implement since it does not require multi-model inference.   

 In the case of bubble volume models, an alternative risk definition to 

supersaturation ratio is typically used.  The difference in the bubble’s current volume 

(Vb) and nucleonic volume (
0

b
V  ) are used in lieu of supersaturation ratio, 
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The compartmental gain term gi serves the same purpose as it does for gas content 

models.  The differences between the current bubble and nucleonic bubble volumes are 

scaled and summed with the values from each of the n compartments.  The nucleonic 

bubble volume is the smallest volume that the model will consider to be present in 
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compartment i.  This is not the only mechanism used to calculate instantaneous risk with 

bubble models, but it is one of the most common [43, 47-50, 62].  The variables used 

throughout this chapter are summarized in Table 3.   

1.3.1. Exponential Gas Uptake and Elimination  

All probabilistic gas content models discussed in this work are based upon 

exponential or multi-exponential gas uptake and washout in tissues.  Due to the 

importance of this assumption, the derivation of exponential-exponential gas kinetics in 

tissues is reproduced here with slight modifications from Tikuisis and Gerth’s chapter in 

Bennett and Elliot’s Physiology and Medicine of Diving [52].   

Changes in the concentration of gases within tissues can be calculated using the 

Fick-Fourier diffusion-rate equation, 

      ' '( ) ( )
a v met b

t

dc Q
D c c c Z Z

dt V
 . (5) 

The concentration of gas dissolved in tissue is represented by c with ca and cv 

representing the arterial gas concentration and the venous gas concentrations, 

respectively.  D is the diffusion coefficient of the gas in the tissue, Q  is the blood 

perfusion rate, and Vt is the tissue volume.  Gas consumption is accounted for with 
'

met
Z  

for metabolic gases and 
'

b
Z  for bubbles.  However, both gas consumption terms go to 

zero since I am considering metabolically inert gases only and assuming that there are 

no bubbles present.  This simplifies equation (5) to  
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 I can further simplify equation (6) by assuming that the tissue is well-stirred, 

which means that there are no concentration gradients within the tissue,  

  ( )
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t

dc Q
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dt V
.  (7) 

It is now convenient to employ Henry’s law to convert equation (7) into terms of partial 

pressure instead of concentration.  Henry’s law is given by  
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where cblood is the gas concentration in blood, αblood is the Ostwald solubility coefficient for 

blood at ambient temperature, T is the absolute temperature, and kB is the Boltzman gas 

constant.  After making the appropriate substitutions, our new equation is 
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The tissue gas solubility is given as αt along with the arterial gas partial pressure pa and 

venous gas partial pressure pv.  Now I apply the assumption that the tissue is strictly 

perfusion limited, implying that pv = PT and yielding 
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In order to eliminate unnecessary free parameters I define a compartmental rate constant 

k as  
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and then substitute it into equation (10) yielding 
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Now that the differential equation is in terms of pressure I must account for 

changes in arterial gas concentration.  The arterial gas concentration is assumed to 

change linearly with pressure, 
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where
2

0

N
P is the nitrogen pressure at the beginning of the segment, and

2N
R is the rate of 

change of the arterial inert gas tension during the dive segment.  The arterial inert gas 

tension is assumed to be in equilibrium with the alveolar gas tension.  While the 

notional gas is written in terms of nitrogen it would have the same form for another 

inert gas, such as helium.  The solution to differential equation (13) for the duration of a 

dive segment is the familiar mono-exponential expression [1, 11, 58, 63, 64] given by 
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where the constants for the dive segment are 
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and 
0

T
P  is the tissue tension at the beginning of the dive segment.  I now have the final 

form of the differential equation (13) and its solution (14) that are the basis for the rest of 

the work in this document. 

1.3.2. Model Optimization 

All probabilistic models of gas content and bubble volume have free parameters 

that govern model behavior.  These free parameters are constant values used by the 

model that either do not have physiologically known values or the model does not 

describe the underlying physiology sufficiently well that it would be appropriate to use 

the known values.  The optimal values for these parameters are determined using 

likelihood maximization [11, 65] and numerical optimization.  Numerical optimization is 

a well described field [66] and will not be reviewed here. 

Including the time of onset of DCS symptoms during model training has been 

shown to improve model performance [67].  Time of onset is incorporated in the analysis 

by calculating a joint probability including the probability of being symptom free (PS) 

until the last known time at which the subject was symptom free, T1, and the probability 

of DCS occurring between T1 and T2, the time at which symptoms were definitely 

present, 
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Likelihood is the probability that the observed outcome occurs.  The likelihood L for each 

exposure i is given by  
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i i i
L PDCS PDCS , (17) 

where δ is the outcome, such that δ = 0 indicates no DCS, and δ = 1 indicates DCS occurred.  

The joint probability of all N observed outcomes can be calculated as 
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L PDCS PDCS ,  (18) 

by assuming that the outcome of each exposure is independent of all other observed 

outcomes.  For ease of computation, I work with the natural log of each likelihood value 

and phrase the problem as a maximization.  Optimization was carried out using the 

Nelder-Mead algorithm [66], which is gradient free and robust, to avoid numerical 

difficulties arising from discontinuities in the parameter space [63].   

1.3.3. Metrics of Model Performance 

1.3.3.1. Akaike Information Criterion 

Directly comparing the log likelihood of different models is often inappropriate 

unless the models are being tested against the same data set and have the same number 

of degrees of freedom.  In this work, the models introduced and trained are evaluated 

against the data set on which they are trained.  A model is said to be nested inside 

another model when the more complex model can be simplified to the less complex 

model by the elimination of one or more terms.  When one model is nested inside of 

another model they were compared using the log likelihood difference test as 
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implemented in MATLAB (MathWorks MATLAB 2015b).  The second order Akaike 

Information Criterion (AICc) [68], 

 2(ln( )) 2 ,
1

N
AICc L K

N K

 
    

  
  (19) 

is not adversely affected by disparate degrees of freedom and is another metric of model 

performance always used in this work.  In the equation above, K is the number of free 

parameters and N is the sample size.  Throughout this document the abbreviation AIC 

refers specifically to the second order Akaike information criterion.  The weighted AIC 

index (WIC) for the ith model in a collection of m models,  

 

0.5

0.5

1

,
i

AIC

m
AIC

i

e
WIC

e

 

 






  (20) 

provides an easier-to-interpret statistic in which the model is assigned a value between 

0.0 and 1.0. ΔAICi in (20) is the difference between the AIC of the ith model and the 

minimum AIC of all models being examined. The model with value to closest to 1.0 is 

the model that best describes the data.   

1.3.3.2. Pearson Х
2
 Test 

Comparison of the 
2
 test statistic allows for a more granular comparison of 

predictions than direct comparison of the predicted number of DCS cases for a given 

data set.  This test will be used to compare model performance on the extrapolation data 

set described in Section 1.1.  The 
2
 test statistic is calculated as the sum of the Pearson 

residuals following the procedure described by Gerth [65],  
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The observed incidence of DCS (O) and model estimated incidence of DCS (E) are used 

in the calculation for each of Z data groups.  The data are grouped according to the DAT 

file defined in the USN Primary N2-O2 database [17, 18].  A smaller value of the test 

statistic indicates better agreement between the model and the data.  Grouping the data 

helps limit the possibility that over prediction of DCS incidence on one part of the data 

set makes up for under prediction in another part of the data set.  This also serves to 

provide a quantifiable metric of performance for candidate models.  Caution must be 

exercised when interpreting results from the 2 test statistic; it is very sensitive to how 

the data are grouped. 

1.3.3.3. Fractional Risk Attributed to Model Compartments 

The integrated risk from each compartment is normalized by the total integrated 

risk and then plotted for each profile.  This provides insight into which compartments 

are necessary to describe different types of dives.  Ternary plots are used to interpret 

these data for three compartment models.  The fraction of risk from each compartment 

starts at 100% in the corner marked 1.0 for that compartment and decreases linearly with 

distance from the corner.  Isoclines indicate a 10% change in contribution.  Points in a 

corner indicate that only a single compartment contributed and points on an axis only 

had two compartments contribute.  Labelling the axes with the compartmental half 
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times (τ) calculated as  
ln 2

k
allows for easier interpretation of the plots than using the 

rate constants (k) as labels. 

1.3.3.4. Occurrence Density Functions 

The probability of DCS occurring during a given time period can be calculated 

[67].  It is often informative to plot and compare the model predicted PDCS over time 

with the true distribution from the data.  Such a plot can be constructed by choosing the 

time of surfacing as the reference time to align the profiles.  The time before and after 

surfacing is then arbitrarily broken up into discrete time intervals, one hour for this 

work.  Negative time values indicate DCS events that are expected to occur, or that did 

occur, prior to the diver returning to surface pressure.  The predicted probability of DCS 

is interval censored and calculated according to (16) for each bin.  This process is 

repeated for each exposure in the data set and the results are summed per bin.  Plotting 

the occurrence density function (ODF), provides a qualitative metric of how well the 

model predicts DCS in time, supplementing the cumulative distribution function of the 

dataset [63, 65, 67].  The cumulative distribution function, also referred to as bulk 

probability in the literature, is the integral of the ODF and indicates how well the model 

predicts the correct total number of DCS events. 



 

21 

1.3.3.5. Confidence Intervals of Fitted Parameters 

A confidence interval for a fitted parameter provides an interval for which there 

is a known probability that the true value of the parameter lies within it.  The confidence 

interval for a given parameter is calculated as, 
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where CI are the bounds of the confidence interval, ̂ k  is the fitted parameter value of 

the kth parameter, 

2

z  is the critical value, and ̂( )
k

se  is the standard error of the kth fitted 

parameter [65, 69].  For a given confidence level C, α is calculated as, 

 (1 ).C     (23) 

The critical value of 1.96 for a 95% confidence level is used throughout present work.  

This critical value relies upon the assumption that the variation is normally distributed 

around the value of the parameter.  The standard error can be calculated as the square 

root of the corresponding diagonal element in the covariance matrix (Σ) 
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Σ can be found by solving 
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where H is the hessian matrix of the log likelihood function.  H can be found by the 

method of finite differences [70]. 
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1.4. Summary of Research 

This document provides detailed results of several projects furthering the 

modeling of the incidence and time of onset of DCS in man.  In Chapter 2 I discuss the 

impact of weighting marginal DCS events as a fraction of a full DCS event during model 

optimization.  Recent work [1] has shown that fractionally weighted marginal DCS 

events have a deleterious effect on the overall quality of model optimizations.  Using 

pre-existing gas content models, I investigate which model features are still warranted 

when marginal DCS events are treated as non-events.  After selecting the best model, the 

impact of the DCS event reinterpretation on computed air dive no-stop limits is 

presented.  A no-stop dive limit is the maximum amount of time a diver can stay at 

depth before decompression stops must be made on the way to the surface to stay 

within their target percent chance of DCS. 

Chapters 3 - 6 provide an investigation of the applicability of pharmacokinetic 

gas content models to the prediction of the incidence and onset time of DCS.  First, 

pharmacokinetic gas content models with a single input and multiple perfusion-coupled 

compartments are investigated.  Next, the investigation is expanded to include 

compartments that are coupled by either perfusion or bidirectional uniform diffusion 

rate processes.  Once the best single input pharmacokinetic gas content models have 

been selected, a novel method for incorporating oxygen as a participating gas is 

presented in Chapter 5.  The most important question investigated with respect to the 

inclusion of oxygen is whether it is a necessity of the underlying or if it is the structure of 
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the model which requires oxygen be included as a participating gas.  In Chapter 6, the 

investigation of pharmacokinetic gas content models is concluded by examining the use 

of different combinations of model structures in conjunction with each other.  Along 

with this a combined analysis of the best model structures from each of the preceding 

chapters is provided. 

A significant challenge to the use of probabilistic models in a diver worn 

computer is the high computational cost of determining the optimal ascent path for a 

given set of ascent criteria and depth-time profile.  Current methods typically rely upon 

a search scheme to find the optimal schedule [57, 71].  In Chapter 7, I provide a means to 

directly calculate an ascent schedule with the minimum ascent time without exceeding 

the target probability of DCS or prescribed ascent rate.  Directly calculating the optimal 

schedule should provide sufficient performance increases to allow for probabilistic 

decompression algorithms to be implemented in wrist worn devices. 

  



 

24 

Table 3: Variable definitions for functions and equations in Chapter 1. 

Variable Definition Units 

α Aggregation of variables defined in (15). atm 

αblood 

Ostwald solubility coefficient of inert gas in 

blood at ambient temperature. ml gas/ml/atm 

αt 
Ostwald solubility coefficient of inert gas in 

tissue at ambient temperature ml gas/ml/atm 

β Aggregation of variables defined in (15). atm 

̂
k   

kth model parameter estimated by numerical 

optimization. 

Varies based 

on parameter. 

   

Outcome of the exposure with a 1 indicated 

DCS occurred and a 0 indicating that DCS did 

not occur. -- 


,k k   

kth diagonal element of the covariance matrix 

calculated from the log likelihood function. -- 

τ Tissue halftime for an inert gas. min 

C Concentration of a gas in blood or tissue. 

ml gas/ml 

blood 

Ca Arterial gas concentration. 

ml gas/ml 

blood 

cv Venous gas concentration. 

ml gas/ml 

blood 

CI Confidence interval for a given parameter. -- 

D Diffusion coefficient of gas in tissue. -- 

Ei 

Number of DCS events estimated by the 

candidate model to occur in the ith DAT file. -- 

gi Compartmental gain for the ith compartment. min-1 

H Hessian matrix of the log likelihood function. -- 

K Number of free parameters. -- 

k Compartmental rate constant. min-1 

kB Boltzman gas constant M/atm 

Li Likelihood of the ith exposure. -- 

L Combined likelihood of the N exposures. -- 

m The number of models being compared by AIC -- 

n 

Number of compartments which accumulate 

risk in the model. -- 

N Number of exposures. -- 

Oi 

Number of observed DCS events in the ith DAT 

file. -- 
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pa Arterial gas concentration. atm 

PB Ambient pressure. atm 

PFVG 

Total partial pressure of fixed metabolic gases, 

0.1917 atm. atm 

2

0

N
P   

Nitrogen concentration at the start of the dive 

segment. atm 

0

T
P   

Tissue tension at the beginning of the dive 

segment. atm 

PTi 
Tissue tension of inert gas for the ith 

compartment. atm 

pv Venous gas concentration. atm 

PDCS Probability of DCS occurring. -- 

PDCST1,T2 
Probability that DCS occurs between times T1 

and T2. -- 

PST1 
Probability that DCS does not occur up to the 

time T1. -- 

Q   Blood perfusion rate. ml/min 

ri Instantaneous risk in the ith of n compartments. -- 

2N
R   

Rate of change in arterial inert gas (nitrogen) 

pressure. atm/min 

̂( )
k

se   Standard error of the kth fitted parameter. 

Varies based 

upon the 

parameter. 

t Time. min 

T Absolute temperature. K 

T1 

Last time at which the test subject was known to 

be symptom free. min 

T2 

First time at which DCS was definitively known 

to have onset. min 

Thri 

Threshold in the ith compartment below which 

gas supersaturation does not contribute to the 

accumulation of risk. atm 

Vb,i 

Current volume of the bubble being tracked in 

the ith tissue. ml 

0

,b i
V   

Nucleonic bubble volume is the volume of a 

bubble when it first forms.  This is the smallest 

volume a bubble may have. ml 

Vt Tissue volume. ml 

WIC Weighted AIC index. -- 
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Z 

Number of data groups used for calculation of 

the 
2
 test statistic. -- 



2

z   Critical value for calculating CI.  A value of 1.96 

is used for the 95% CI. -- 
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2. Assessment of the Impact of Scoring Marginal DCS 
Cases as Non-Events 

2.1. Introduction 

Recognizing that DCS does not occur consistently among test subjects for a given 

exposure, workers at the United States Navy (USN) Naval Medical Research Institute 

(NMRI) developed models to predict the probability of DCS occurrence during 

hyperbaric exposures and compute decompression schedules that incur user-specified 

risks of DCS [8, 11, 19, 51, 56-58, 64, 71-75].  These models are calibrated against data 

describing a collection of hyperbaric exposures and their binary outcomes: either DCS 

occurred or it did not.  There is currently no definitive diagnostic test for DCS.  In the 

absence of a definitive test, the outcomes of some dives are an ambiguous collection of 

signs and symptoms.  These ambiguous outcomes are termed marginal DCS events, do 

not require recompression therapy, and spontaneously resolve.  Examples of marginal 

DCS events are aches or mild pain in a single joint lasting less than 60 minutes or pain in 

multiple joints lasting less than 30 minutes [17, 18]. 

Transient or ambiguous symptoms indicate potential occurrence of the sickness.  

To incorporate marginal DCS events in model calibration data, they were originally 

counted as half of a DCS event (weighted as 0.5) [58], though no statistical justification 

was given for this decision.  Later, the weight given to marginal events was reduced to 

one-tenth of a DCS event based upon communications with USN dive medical officers, 

who indicated they were much less concerned with marginal DCS than full DCS events 
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[51].  More rigorous methods for incorporating different degrees of severity of DCS have 

since been published [76].  Recent work has found the inclusion of marginal DCS events 

with fractional weights detrimental to the overall performance of probabilistic models 

[1].  Rigorous statistical evaluation of marginal events has found that they are not 

combinable with the rest of the data in the BIG292 calibration set used by the authors.  

The aforementioned study points to the fact that while saturation data makes up 14.4% 

of BIG292 and marginal DCS events account for 3.3% of BIG292, 55% of the marginal 

DCS events occur during saturation dives.  This indicates that including marginal DCS 

events, even with a small fractional weight, grants saturation exposures undue weight in 

the calibration data.  In this chapter, I evaluate the impact of treating marginal DCS 

events as non-events in the calibration data.  I first determine if linear kinetics, a 

threshold term, and oxygen as a participating gas are still beneficial as determined 

previously [8, 19, 51, 57].  After I establish which model features are statistically justified, 

I investigate how the modified calibration data affects model performance. 

2.2. Methods 

2.2.1. Data 

Both the BIG292 and NMRI98 data sets described in detail in Section 1.1 were 

used during analysis of the impact of inclusion of marginal DCS events in model 

optimization.  An outcome of 1.0 was used for DCS, 0.1 for marginal DCS, and 0.0 for no 

DCS.  BIG292 was used as the calibration data set for the LE1-USN93 model parameters 
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[45].  The NMRI98 data set has been used as the calibration set for a prior study of 

models incorporating oxygen as a participating gas [8, 19]. 

2.2.2. Models 

The PLBX3 exponential-exponential model [77, 78], the linear-exponential model 

(LE1) [45], and the linear exponential multigas model (LEM) [8, 19, 44] were chosen as 

the basis for this work. Features of these models are summarized in Table 4, and all 

variables in this chapter are summarized in Table 9. 

Table 4: Summary of features in the models investigated in Chapter 2.  All 

models are composed of three parallel, uncoupled, well-stirred compartments.  

Exponential gas uptake and elimination prevailed in each compartment unless 

otherwise noted by an “X” in the Linear Kinetics column.  For the models which 

allowed linear gas kinetics, they were only allowed in the second compartment.  

Oxygen only participated in the second compartment when present.  The threshold 

term was only applied to the third compartment. 

Model Linear Kinetics Oxygen Threshold 

PLBX3    

Model 1 X   

Model 2  X  

Model 3   X 

LE1 (USN93) X  X 

Model 4 X X  

Model 5  X X 

LEM (LEM-

NMRI98) 

X X X 

 

Each is a survival model in which the body is considered to consist of three 

independent, well-stirred, perfusion-limited gas exchange compartments. These 

compartments are not intended to represent distinct anatomical tissues, but are 

mathematical abstractions with no direct relationship to the underlying physiology.  All 
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three of these models convert risk to percent chance of DCS using equation (16) from 

Chapter 1.3.2. 

 Both gas uptake and elimination are mono-exponential in the PLBX3 model 

compartments [77, 78].  Mono-exponential gas uptake and elimination are described in 

detail in Chapter 1.3.1.  Compartmental gas elimination in the LE1 and LEM models is 

allowed to be time linear in one compartment after a crossover compartmental tension 

PXO is exceeded. Linear kinetics were introduced as a mechanism for modeling the 

reduced rate of inert gas elimination caused by the formation of gas bubbles in the 

compartment [43, 45].  The linear gas kinetics are defined as 
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where 
0

B
P is the ambient pressure at the start of the dive segment, RB is the rate of change 

in ambient pressure in the dive segment, and PXO is the pressure at which crossover 

occurs from exponential to linear gas kinetics.  All other parameters are the same as 

defined for exponential gas kinetics in Chapter 1.3.1.  This condition can only occur 

when supersaturation is present.  Therefore, the tissue tension (or inert gas burden) 

evolves as 
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where PB is the ambient pressure, PFVG is the total partial pressure of the metabolic gases; 

oxygen, carbon dioxide, and water vapor; presumed constant and equal to 0.1917 atm 

[43], and  and  are as defined for equation (15). 

 In all three models, the instantaneous risk for the ith compartment (ri) is given in 

terms of the prevailing compartmental gas supersaturation, (PTi +PFVG- PB): 

 ,iT B i FVG

i

B

P P Thr P
r

P

  
   (28) 

where Thri is a threshold supersaturation that must be exceeded before risk accumulates 

in the compartment. For compartments which do not have a threshold, Thr is set to 0. 

 LEM further enhances the LE1 model with the addition of oxygen as a 

participating gas in the compartment with linear gas kinetics.  In order to include 

oxygen as a participating gas, the tissue tension is redefined as 
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,
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subject to the conditions 
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P P PSET
 , (30) 

where PSET is a fitted parameter determining the concentration above which oxygen 

ceases to be treated as completely metabolized and becomes part of the inert gas burden 

in the tissue.  
2Oeff

P is the partial pressure of oxygen when treated as an inert gas.  Both 

conditions are implemented during gas uptake and elimination. 
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 Models were optimized following the procedures described in Chapter 1.3.2 

leaving the gain parameters to be found through numerical optimization.  32 optimized 

solutions were found for each model.  Each optimization was started from a different set 

of unique initial values for the parameters drawn, randomly from normal distributions 

specific to each parameter.  Marginal DCS events were incorporated into the likelihood 

equation 

 
 

 
1(1 )i i

i i i
L PDCS PDCS ,  (31) 

by assigning a weight to δ as follows: δ = 0 indicates no DCS, δ = 1 indicates DCS 

occurred, and δ = Wm for marginal events.  When marginal DCS events were treated as 

non-events they were assigned an outcome of Wm = 0.0 instead of 0.1. 

2.2.3. Model Selection 

The LE1 and PLBX3 models were fit to the BIG292 data set for comparison with 

the LE1-USN93 parameter set, while all other models tested were fit to the NMRI98 data.  

The LEM model is produced by the systematic addition of linear kinetics, a threshold 

term, and oxygen as a participating gas to the most reduced model, PLBX3.  All models 

tested were consequently nested within the least reduced LEM model.  The statistical 

justification for addition of each added model feature was tested with MATLAB log 

likelihood difference tests with a significance level of 0.05 as the selection criterion and 

with the weighted AIC index [68], described in Chapter 1.3.3.  Occurrence density 

functions as described in Chapter 1.3.3.4 are used to assess the accuracy of the prediction 
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of onset time.  Finally, I use figures depicting fractional risk as described in Chapter 

1.3.3.3 to ascertain which compartments contribute risk to various dive profile types.  

2.2.4. Calculation of No-Stop Limits 

The no-stop limit for a given dive depth is the maximum time that can be spent 

at that depth, followed by a direct ascent to surface while producing a risk of DCS that 

reaches but does not exceed a pre-specified limit.  No-stop limit prescriptions of the 

present models optimized with marginal DCS events weighted as 0.1 and 0.0 and were 

compared to limits in the USN Diving Manual Revision 7 (VVAL-79 Thalmann 

Algorithm [27, 37, 79]), and to limits prescribed by the LE1-USN93 and LEM-NMRI98 

models.  The no-stop limits were calculated assuming air breathing throughout each 

exposure with descent and ascent rates of 75 fpm and 30 fpm, respectively [13].  Descent 

time was not included in the bottom time.  A 2.3% acceptable risk of DCS was used to be 

consistent with prior USN work [74].  Starting with a bottom time of one minute, the no-

stop limit at each dive depth was determined by incrementing the bottom time in one 

minute increments until the 2.3% risk level was reached. 

2.3. Results and Discussion 

Reducing the weight of marginal events (Wm = 0.0) for model calibration against 

BIG292 resulted in LE1 remaining the best model.  After re-parameterization with Wm = 

0.0, I compared LE1 against the less complex PLBX3 model and found that the 

additional complexity was justified with a p-value of 5.61E-06 by the log likelihood 

difference test.  The weighted AIC index for LE1 was 0.99, indicating that LE1 provided 
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a much better description of BIG292 than PLBX3.  Best fit parameters along with their 

95% confidence intervals for both models are provided in Table 5.  The confirmation that 

LE1 remains the best descriptor of BIG292 is expected because weighting marginal 

events as non-events (Wm = 0.0) within the training set does not change the dive profiles.  

Since all dive types (single air, single non-air, saturation, et cetera) are still present, all 

modifications that enhance the three independent, well-stirred, and perfusion-limited 

compartment class of models are still necessary. 

Table 5: Best fit parameters with Wm = 0.0 for the BIG292 data.  Gains are 

represented by g, tissue rates by k, crossover pressure to linear kinetics by PXO, and 

threshold for risk accumulation as THR.  Subscripts indicate the compartment index 

to which the parameter corresponds.  The 95% confidence intervals are displayed 

parenthetically below each parameter value. 

Parameter value (+/- 95% CI) PLBX3 LE1 

g1 
3.06E-03 

(3.48E-03) 

3.69E-03 

(4.77E-03) 

g2 
4.82E-04 

(3.42E-04) 

8.27E-05 

(4.70E-05) 

g3 
2.46E-04 

(3.28E-04) 

1.12E-03 

(2.88E-04) 

k1 
5.58E-01 

(3.88E-01) 

6.51E-01 

(5.58E-01) 

k2 
4.48E-03 

(1.39E-03) 

1.78E-02 

(8.59E-01) 

k3 
2.03E-03 

(1.07E-03) 

1.92E-03 

(2.44E-04) 

PXO2 N/A 
5.57E-02 

(3.01E-02) 

THR3 N/A 
1.13E-01 

(3.83E-02) 
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 Figure 1 graphs the probability of DCS predicted by the LE1-USN93 model (Wm = 

0.1) versus the corresponding probability predicted by LE1 with refit parameters (Wm = 

0.0) for each saturation dive profile in the BIG292 training data.  The predicted 

probabilities were sorted from smallest to largest to more easily observe trends.  The 

performance of the LE1 model on saturation exposures is not significantly altered by 

reducing Wm to 0.0, despite marginal events predominantly occurring during saturation 

exposures.  In Figure 2, the predicted probabilities of all non-saturation exposures from 

BIG292 are plotted, again after sorting the probabilities from smallest to largest.  The 

PDCS predictions from the parameters optimized with Wm = 0.0 are the abscissa and the 

predictions from LE1-USN93 (Wm = 0.1) are the ordinate.  The PDCS predictions from the 

refit parameters with Wm equal to 0.0 are consistently lower than the PDCS predictions 

of LE1-USN93 (Wm = 0.1).  From this I conclude that the bulk of the risk resulting from 

marginal DCS events is spread across the non-saturation profiles, despite being 

predominantly associated with the saturation dive profiles.  This agrees with our 

previous finding [1] that marginal DCS events weighted as Wm = 0.1 degrade model 

performance for non-saturation dives.  As shown in Figure 3, there is no significant 

change in the distribution of which compartments contribute to overall risk. 
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Figure 1: Shift of risk in saturation dives from the BIG292 data set.  The risk 

of DCS was predicted for each saturation dive in the BIG292 data set.  After sorting 

the risks from smallest to largest they were plotted with the risk predicted by our 

refit parameters for LE1 (derated marginal events) as the abscissa and the USN93 

parameters as the ordinate. 
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Figure 2: The risk shifts all non-saturation profiles in BIG292.  The predicted 

risks of DCS occurring for each profile are sorted from smallest to largest and 

plotted with the predictions from the USN93 parameters as the ordinate and the 

predictions from our parameters optimized with derated marginal events as the 

abscissa.  Risk predictions from the parameters without marginal events in the 

training set are often much lower than the predictions of the USN93 parameters. 

 



 

38 

 

Figure 3: Ternary plot of integrated risks from all profiles in BIG292 as 

predicted by the LE1 model after optimization with marginal events weighted (Wm = 

0.1) and with marginal events unweighted (Wm = 0.0) in the training set.  Integrated 

risks for each compartment are normalized by the total integrated risk for the 

profile.  The profile is then plotted on the ternary plot in which each corner 

represents the situation in which all risk comes from the compartment whose axis 

indicates 1.0 in the corner.  As each isocline is crossed moving away from a corner, 

the amount of risk contributed by the compartment associated with the 1.0 value 

decreases by 10%.  While profile risks shifted positions, there was no discernable 

qualitative change in the overall distribution of profile risks. 

 As previously explained, occurrence density functions (ODFs) plot the number of 

DCS occurrences per hour in the data centered on the time of surfacing from each dive.  

DCS incidents at negative time values occurred prior to the diver surfacing.  Figure 4 

shows the observed ODF for BIG292 along with the ODFs estimated with the LE1-

USN93 model with (Wm = 0.1) parameters and with our refit (Wm = 0.0) parameters.  The 

true values from the BIG292 data contain a bimodal peak near the time of surfacing.  



 

39 

Neither version of LE1 reproduces this behavior and the source of the bimodal peak is 

not well understood at this time [63, 65].  The reduction in value of Wm from 0.1 to 0.0 

results in a smaller peak near the time of surfacing, but does not significantly change the 

shape or position of the peak. 

 

Figure 4: The occurrence density function (ODF) for the BIG292 data set.  

The occurrence density function plots the number of DCS events that either 

occurred (for the true data with Wm = 0.0) or were expected (model predicted) per 

hour.  The function is centered on the time of surfacing with negative times 

indicating that DCS occurred prior to the diver reaching the surface.  A zoomed in 

view of the center of the graph is provided in the top left due to this being where 

the bulk of the DCS events occur.  In the true data, there is a bimodal peak which is 

not replicated by either of the models.  The origin of this bimodal peak is not well 

understood at this time.  As expected, the number of occurrences per hour is 

decreased in the absence of marginal DCS events. 

 For the larger NMRI98 data set, I tested all combinations of model enhancements 

nested within the LEM model optimized with Wm assigned a value of 0.0.  Optimization 
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and test results for each of the models are given in Table 6.  LEM was the best descriptor 

of these data with a weighted AIC index of 0.97.  It also performed the best by the log 

likelihood difference test.  The best fit model parameters and their 95% confidence 

intervals are given in Table 7.  The best fit value of PSET in Model 5 was 25.9 atm, a 

value which is far in excess of the highest oxygen partial pressure encountered in any 

dive in the training data, and indeed of any oxygen partial pressure allowed during 

actual dive operations [13].  Thus, the potential to use oxygen as a participating gas in 

Model 5 was not exercised and the model collapsed into Model 3. 

 

Table 6: Model optimization and selection results from the NMRI98 data set 

with Wm = 0.0.  Bulk PDCS is the total number of cases of DCS that each model 

predicts for the NMRI98 data set.  The observed number of DCS events was 223.  Log 

likelihood difference testing found that the LEM model was statistically justified as 

the best choice with 95% certainty as the selection criterion.  Weighted AIC index 

values with a closer value to 1.0 indicate better agreement with the data.  The 

weighted AIC values do not sum to 1.0 because of rounding error. 

Model 
Log 

Likelihood 

Bulk 

PDCS 

Log 

Likelihood 

Difference 

P-value 
Weighted 

AIC 

PLBX3 -1168.06 223.23 Rejected 3.79E-06 1.26E-05 

Model 1 -1165.93 223.3 Rejected 8.25E-06 3.86E-05 

Model 2 -1165.86 224 Rejected 2.10E-06 1.53E-05 

Model 3 -1160.48 218.74 Rejected 1.50E-03 8.98E-03 

LE1 -1159.14 223.39 Rejected 1.7E-03 1.26E-02 

Model 4 -1167.25 223.8 Rejected 7.52E-08 1.39E-06 

Model 5 -1159.47 213.08 Rejected 2.56E-04 3.33E-03 

LEM -1152.78 223.24 Accepted N/A 9.75E-01 
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Table 7: Best fit model parameters against the NMRI98 data set with marginal DCS events weighted as 0.0.  Gains are 

represented by g, tissue rates by k, crossover pressure to linear kinetics by PXO, and threshold for risk accumulation as THR.  

Subscripts indicate to which compartment each parameter belongs.  The 95% confidence intervals are listed below each 

parameter in parenthesis.  The parameters used for PLBX3 have been previously reported elsewhere [77].  95% confidence 

intervals could not be calculated for Model 5. 

Parameter value 

(+/- 95% CI) 
PLBX3 Model 1 Model 2 Model 3 LE1 Model 4 Model 5 LEM 

g1 
7.82E-05 

(1.01E-04) 

3.41E-03 

(6.40E-03) 

3.46E-03 

(4.78E-03) 

2.09E-03 

(2.30E-03) 

3.05E-03 

(4.28E-03) 

3.41E-03 

(4.90E-03) 
2.33E-03 

3.00E-03 

(3.56E-03) 

g2 
6.88E-04 

(1.07E-04) 

7.04E-04 

(6.58E-04) 

3.13E-04 

(7.33E-04) 

6.43E-04 

(9.70E-05) 

6.80E-04 

(1.01E-04) 

1.75E-05 

(2.20E-05) 
4.86E-04 

1.57E-04 

(7.60E-05) 

g3 
7.12E-03 

(9.39E-03) 

6.25E-02 

(6.85E-04) 

4.03E-04 

(5.15E-01) 

8.13E-03 

(5.27E-03) 

6.68E-03 

(6.53E-03) 

6.88E-04 

(1.07E-04) 
7.46E-04 

8.63E-04 

(2.94E-04) 

k1 
2.55E-02 

(2.32E-02) 

6.44E-01 

(4.91E-01) 

6.44E-01 

(4.53E-03) 

5.03E-01 

(3.93E-01) 

5.91E-01 

(5.08E-01) 

6.43E-01 

(5.31E-01) 
4.34E-01 

5.97E-01 

(4.18E-07) 

k2 
3.08E-03 

(3.37E-04) 

3.35E-03 

(2.35E-03) 

5.15E-03 

(4.53E-03) 

3.37E-03 

(1.84E-04) 

3.35E-03 

(1.77E-04) 

8.16E-02 

(9.41E-02) 
4.27E-03 

1.02E-02 

(2.89E-03) 

k3 
1.02E-00 

(5.91E-04) 

5.54E-03 

(2.67E-03) 

2.46E-03 

(1.64E-03) 

1.28E-03 

(1.25E-04) 

2.78E-03 

(9.50E-04) 

3.10E-03 

(3.60E-04) 
1.75E-03 

1.95E-03 

(2.69E-04) 

o2 N/A N/A 
5.29E-02 

(8.20E-02) 
N/A N/A 

5.11E-02 

(1.90E-01) 
2.15E-02 

2.86E-02 

(1.22E-02) 

PSET2 N/A N/A 
9.44E-01 

(8.20E-02) 
N/A N/A 

1.05E+00 

(2.01E-00) 
2.59E+01 

8.46E-01 

(3.80E-01) 

PXO2 N/A 
1.08E+04 

(8.65E+00) 
N/A N/A 

5.85E-01 

(9.94E-02) 

2.25E-02 

(8.91E-02) 
N/A 

1.07E-01 

(3.32E-02) 

THR3 N/A N/A N/A 
5.25E-01 

(5.44E-02) 

4.61E-01 

(4.98E-01) 
N/A 1.34E-01 

9.71E-02 

(3.32E-02) 
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 Plotting the change in predicted probability of DCS for the LEM model 

optimized with the NMRI98 data as depicted in Figure 5 shows that, unlike the LE1 

model, reducing the value of Wm from 0.1 to 0.0 reduces the estimated risks of saturation 

dives.  The same saturation dive subsets; ASATARE, ASATEDU, ASATNMR, and 

ASATNSM described by Temple et al [17, 18]; are contained in both BIG292 and 

NMRI98.  Unlike LE1, LEM did not predict higher probabilities of DCS for non-

saturation dives when marginal DCS events are weighted as 0.1.  The predicted number 

of full DCS cases for the saturation dives with Wm = 0.1 is 59.39 and the predicted 

number of cases with Wm = 0.0 is 52.94 while the actual number is 52.  Thus, interpreting 

marginals as no DCS yields a LEM model that does a better job of predicting the actual 

number of cases. 
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Figure 5: Shift in risk of the saturation dives in the NMRI98 data set.  The 

risk of DCS was predicted for each saturation dive in the NMRI98 data set.  After 

sorting the risks from smallest to largest they were plotted with the risk predicted 

by our refit parameters for LEM (Wm = 0.0) as the abscissa and the LEM-NMRI98 

(Wm = 0.1) parameters as the ordinate. 

 

Figure 6 shows that only a small number of non-saturation dives had their 

estimated risks significantly lowered by the reduction of Wm from 0.1 to 0.0; most non-

saturation exposures had very little change.  The risk contributions from each 

compartment normalized by the total risk are plotted in Figure 7.  Each compartment’s 

risk contribution did shift, but there were no significant qualitative changes.  For the 

models optimized with and without marginal DCS events given fractional weight, the 

majority of the dives in the data set accumulate risk in at most two compartments.  This 
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may be inferred from the fact that the majority of the points fall on or close to the outer 

boundaries of the plot.  If an exposure accumulated risk in all three compartments, then 

its point would fall closer to the center of the plot.  The clustering of points on or close to 

the outer boundaries shows that exposures tend to accumulate risk either in the fast and 

intermediate compartments or in the intermediate and slow compartments. 

 

Figure 6: The risk shifts all non-saturation profiles in NMRI98.  The 

predicted risk of DCS occurring for each profile was sorted from smallest to largest 

and plotted with the predictions from the LEM-NMRI98 (Wm = 0.1) parameters as 

the ordinate and the predictions from our parameters optimized with Wm = 0.0 as 

the abscissa. 
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Figure 7: Ternary plot of integrated risks from all profiles in NMRI98 as 

predicted by the LEM model after optimization with marginal events weighted (Wm 

= 0.1) and marginal events unweighted (Wm = 0.0) in the training set.  Integrated 

risks for each compartment are normalized by the total integrated risk for the 

profile.  The profile is then plotted on the ternary plot in which each corner 

represents the situation in which all risk comes from the compartment whose axis 

indicates 1.0 in the corner.  As each isocline is crossed moving away from a corner, 

the amount of risk contributed by the compartment associated with the 1.0 value 

decreases by 10%.  While profile risks shifted positions, there was no discernable 

qualitative change in the overall distribution of profile risks. 

 

The ODF for the NMRI98 data is qualitatively the same as that of the BIG292 

data, at least partly because NMRI98 is a superset of BIG292.  Weighting marginal DCS 

events as non-events (Wm = 0.0) in the LEM model’s training data did not significantly 

impact the large peak centered at the time of surfacing as is evident in Figure 8.  This is 

consistent with non-saturation dives being relatively unchanged by the treatment of 
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marginals as non-events.  DCS associated with non-saturation dives typically occurs 

within two hours after reaching surface, whereas during saturation dives DCS is not 

uncommon during the ascent phase of the dive [17, 18].  Reducing Wm to 0.0 results 

principally in a reduction of the small numbers of events in the tail of the distribution 

associated with DCS occurrences before the divers reached surface. 
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Figure 8: The observed occurrence density function (ODF) for the NMRI98 

data set and ODFs for the data set as estimated by LEM optimized with Wm = 0.1 

and Wm = 0.0.  An occurrence density function plots the number of DCS events that 

either occurred (for the true data) or were expected (model predicted) per hour.  The 

function is centered on the time of surfacing with events at negative times 

indicating occurrence prior to the diver reaching the surface.  A zoomed in view of 

the center of the graph is provided in the top left due to this being where the bulk 

of the DCS events occur.  In the true data, there is a bimodal peak which is not 

replicated by either optimized LEM model.  The origin of this bimodal peak is not 

well understood at this time.  The ODFs for LEM optimized with Wm = 0.1 and Wm = 

0.0 are indistinguishable at this resolution. 

 The air diving no-stop limits prescribed by our LE1 and LEM models fit to their 

respective training datasets with Wm = 0.0 are compared to the current USN guidance 

[13] in Table 8.  The LE1 prescriptions are consistently longer than those of LE1-USN93 

(Wm = 0.1), which is expected since reducing Wm to 0.0 reduces the bulk probability of 

DCS by reducing the number of DCS events in the training data.  LEM prescriptions for 
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dives to shallow depths (70 fsw and less) are shorter than the corresponding air no-stop 

limits, while the prescriptions for dives to greater depths are consistently longer.  In 

Figure 9, I plot the new no-stop prescriptions along with the VVal-79 Thalmann 

algorithm prescriptions.  There is good agreement between all three algorithms except 

for shallow depths.  Four of the proposed no-stop limits have been man-tested in 

previous work: 20 minutes at 130 FSW, 15 minutes at 150 FSW, 12 minutes at 150 FSW, 

and 9 minutes at 190 FSW [80, 81].  The rate of DCS occurrence in these trials was less 

than 2.3%, but there was an unacceptably high number of Type 2 DCS events. 

 In this chapter I have shown that weighting the outcome of marginal DCS events 

as 0.0 improves the overall quality of fit.  With marginal DCS events weighted as non-

events all features of LE1 and LEM are still statistically justified when reoptimized on 

the BIG292 and NMRI98 data sets respectively.  In the case of LE1 and the BIG292 data 

set, the risk is more accurately distributed between saturation and bounce dives 

compared to the USN93 parameters where almost all of the risk from the marginal DCS 

events is attributed to bounce diving.  Weighting marginal DCS as non-events results in 

better alignment of the predicted risk with observed risk and improves the overall 

quality of model fit.  In order to include the information from marginal DCS events 

during model parameter optimization they should be included by an alternate 

mechanism, such as, extending a severity model [76] to include marginal DCS as fourth 

outcome. 
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Table 8: Comparison of the no-stop limits prescribed for air dives by each 

model studied.  The prescriptions from the U.S. Navy Diving Manual Revision 7 are 

provided for reference [13].  The left-most column is depth in feet sea water (fsw).  

Model-prescribed no-stop limits were calculated as the maximum bottom time at the 

indicated depth from which direct ascent to surface can be made without incurring a 

model-estimated risk of DCS exceeding 2.3% assuming a 75 fpm descent rate and 30 

fpm ascent rate.  Descent and ascent times are not included in the tabulated bottom 

times.   

Model 

USDM, 

R7 

LEM-

NMRI98 
LEM Difference 

in No-

Stop 

Times 

LE1-

USN93 
LE1 Difference 

in No-

Stop 

Times 

Data Set N/A NMRI98 NMRI98 BIG292 BIG292 

Marginals N/A Wm = 0.1 Wm = 0.0 Wm = 0.1 Wm = 0.0 

Depth 

(FSW) 

Time 

(min) 

Time 

(min) 

Time 

(min) 

Time 

(min) 

Time 

(min) 

Time 

(min) 

Time 

(min) 

30 371 234 214 -20 218 265 47 

35 232 178 161 -17 163 203 40 

40 163 140 128 -12 127 160 33 

45 125 113 105 -8 102 129 27 

50 92 94 88 -6 84 105 21 

55 74 79 76 -3 71 87 16 

60 63 68 66 -2 61 73 12 

65 -- 59 59 0 53 62 9 

70 48 52 52 0 47 53 6 

75 -- 46 47 1 42 47 5 

80 39 41 43 2 37 42 5 

85 -- 37 39 2 34 37 3 

90 33 34 36 2 31 34 3 

95 -- 31 33 2 28 31 3 

100 25 29 31 2 26 28 2 

105 -- 27 29 2 24 26 2 

110 20 25 27 2 22 24 2 

115 -- 23 24 1 20 22 2 

120 15 21 23 2 19 21 2 

125 -- 20 21 1 18 20 2 

130 12 18 20 2 16 18 2 

135 -- 17 18 1 15 17 2 

140 10 16 17 1 14 16 2 
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145 -- 15 16 1 14 15 1 

150 8 14 15 1 13 14 1 

155 -- 13 14 1 12 13 1 

160 7 12 13 1 11 13 2 

165 -- 11 12 1 11 12 1 

170 6 11 12 1 10 11 1 

175 -- 10 11 1 9 10 1 

180 6 9 10 1 9 10 1 

185 -- 9 10 1 8 9 1 

190 5 8 9 1 8 9 1 

 

 

Figure 9: Air dive no-stop limits published in the USN Dive Manual 

Revision 7 and as prescribed by the LE1 and LEM models after being refit with Wm 

= 0.0.  All calculations were made assuming air is the inspired gas with a descent 

rate of 75 fpm and an ascent rate of 30 fpm.  Ascent and descent times were not 

included in the bottom times.  Bottom times were increased in increments of 1 

minute until a target risk of 2.3% probability of DCS occurring was reached.  If 

2.3% risk was exceeded, the next shortest time was accepted as the limit. 
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Table 9: Variable definitions and units for Chapter 2. 

Variable Description Units 

α Aggregation of variables defined in equation (15). atm 

β Aggregation of variables defined in equation (15). atm 

δi Outcome of the ith exposure. -- 

gi Compartmental gain term for the ith compartment. min-1 

k Rate of tissue of gas exchange. min-1 

Li Likelihood of the outcome for a given exposure, i. -- 
0

B
P   Ambient pressure at the beginning of the dive segment. atm 

PDCSi Probability of DCS occurring during or after the ith 

exposure. 

-- 

2Oeff
P   Effective pressure of inspired oxygen after adjusting by 

the PSET term. 

atm 

PFVG Pressure of metabolic gases, held constant at 0.1917 [43]. atm 

PSET Tension of gas above which oxygen is considered as an 

inert gas for a given compartment. 

atm 

2

0

N
P   Inspired nitrogen pressure at the beginning of the dive 

segment. 

atm 

PO2 Pressure of inspired oxygen. atm 

0

T
P   Tissue tension at the beginning of the dive segment for a 

given compartment. 

atm 

PT Current tissue tension in a given compartment. atm 

2OT
P   Tissue tension of oxygen in a given compartment. atm 

PXO Crossover pressure from exponential to linear gas kinetics 

in a given compartment. 

atm 

RB Rate of change in ambient pressure. atm/min 

RN2 Rate of change in inspired nitrogen pressure. atm/min 

ri Instantaneous risk in the ith compartment. -- 

t Time since the start of dive in minutes. min 

Thri Threshold in the ith compartment below which risk does 

not accumulate. 

atm 
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3. Pharmacokinetic Gas Content Models as a Predictor 
of Decompression Sickness in Humans: Coupled 
Perfusion-Limited Compartments 

3.1. Introduction 

As discussed in Chapter 1.3, probabilistic models which predict the incidence 

and onset time of decompression sickness use a collection of independent (or “parallel”) 

perfusion-limited compartments, each notionally perfused with arterial blood and with 

no transfer of gas between compartments.  These compartments are mathematical 

abstractions meant to simulate different rates of gas uptake and washout in various 

tissues of the body, but do not represent actual tissues.  Pharmacokinetic and 

pharmacodynamic models similarly use theoretical tissue compartments to simulate the 

uptake and action of drugs, but commonly have structures in which compartments are 

coupled such that the substrate of interest is transferred between compartments. I refer 

to decompression models with coupled compartments as “pharmacokinetic gas content 

models”. 

Pharmacokinetic gas content models have some potential advantages over 

parallel perfusion-limited model structures.  First, it has been shown that 

pharmacokinetic gas content models more accurately describe the uptake and washout 

of nitrogen and helium in the skeletal muscle and cerebral tissue of sheep than do single 

perfusion-limited compartments [82, 83].  This more physiologically-relevant description 

of inert gas kinetics might improve decompression model fidelity.  Second, most 
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probabilistic parallel perfusion-limited gas content models share the property that the 

hazard is highest, and the bulk of the risk is accumulated, immediately after 

decompression [67].  In practice, however, DCS typically onsets many minutes or hours 

after decompression [2, 4].  Pharmacokinetic models have the potential to delay risk 

accumulation [84].  Third, pharmacokinetic gas content models calibrated with a 

circumscribed data set have been reported as superior to parallel perfusion-limited 

models for predicting only the incidence of DCS associated with saturation drop out 

events [85].  This superior performance of the pharmacokinetic models has been 

attributed to their coupled compartment structure [85].  However, when calibrated with 

similarly circumscribed data sets, parallel compartment and pharmacokinetic gas 

content models similarly predict the DCS incidence associated with saturation drop out 

dives [86].  Therefore, it is possible that training the models to a much smaller and more 

specific data than the broad data sets generally used for model calibration imparted the 

supposed favorable behavior.  Finally, pharmacokinetic gas content models have been 

reported to predict the probability of DCS better for low-risk dives for which parallel 

models tend to over-predict DCS risk [85, 87]. 

Motivated by these potential advantages, I explore the applicability of 

pharmacokinetic gas content models for predicting the occurrence and time of onset of 

DCS in humans using the large and diverse NMRI98 data set [8].  Whereas there are 

successful models of time of onset of DCS with conventional independent compartment 
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structure, most previously reported pharmacokinetic gas content models have been 

models of DCS occurrence only.  In this chapter, I calibrate models with the time of onset 

information in the NMRI98 data set using the methods introduced into the field of 

probabilistic DCS modeling by Weathersby et al [67].  Fitting decompression models to 

the additional information embodied in time of onset provides a greater challenge which 

can uncover model deficiencies not evident when fit to DCS occurrence only.  Previously 

reported pharmacokinetic gas content models have been mammillary models or serially-

coupled compartments with gas exchange notionally by diffusion.  The pharmacokinetic 

gas content models investigated in this work have serial and/or cyclic structures and gas 

exchange is notionally by perfusion. 

3.2. Methods 

All models were programmed in C# using a previously described computational 

system [63]. Model  parameter values were determined using the Nelder-Mead 

algorithm to maximize the log likelihood against the NMRI98 USN dive data set [8].  

The computation time to find best fit solutions was reduced by directly calculating the 

optimal gain [53].  For each model, I obtained at least 32 optimized parameter sets and 

selected the set with the greatest log likelihood for comparison to other models.  Each set 

of starting parameters was randomly drawn from a normal distributions specific to each 

parameter.  The general process of using maximum likelihood and survival analysis to 

optimize a gas content model has been previously described in the literature [65].  While 
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recent work has explored the utility of Bayesian Inference for fitting probabilistic 

decompression models [88], log likelihood maximization was used for this study. 

3.2.1. Data 

The NMRI98 and extrapolation data sets described in Chapter 1.1 were used for 

this work.  This data set was selected for model optimization based upon its inclusion of 

additional profiles using elevated oxygen content.  The additional oxygen content allows 

for a single training set to be used throughout Chapters 2 - 6.  In addition to the full 

NMRI98 data set, I also fit the models against eight subsets separating the data by 

exposure type (Table 10).  DCS symptoms categorized as marginal were weighted as Wm 

= 0.0 per the findings in Chapter 2. 

 

Table 10: Dive data subset descriptions, number of profiles, exposures and the 

resulting number of observed DCS cases in the training data.  Note that marginal 

DCS incidents were weighted as 0.0. 

Subset Name Profiles Exposures DCS 

Single Air 373 1005 53 

Single Non-Air 264 678 25 

Repetitive and Multilevel Air 126 565 34 

Repetitive and Multilevel Non-Air 100 607 26 

Surface Decompression with Oxygen 82 427 11 

Oxygen Decompression 184 586 22 

Saturation 175 467 52 

Total 1304 4335 223 

All Minus Saturation 1129 3868 171 
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3.2.2. Models 

Six pharmacokinetic gas content models were derived, as shown in Table 11, using 

the physical law of conservation of mass.  Five of the models were novel 

pharmacokinetic structures and one was selected based upon its common use as a 

building block for more complex models.  The Perfusion Limited Base Model (PLB) 

which consists of a single, perfusion-limited compartment was the most basic structure I 

explored and is the building block of many models currently in use by the USN [8, 23, 

43, 45, 89].  Three copies of our PLB in parallel, but each with different parameters, are 

equivalent to the well-studied EE1 model [23, 89].  The pharmacokinetic gas content 

models were derived as a collection of well-stirred compartments with exponential gas 

uptake and washout in each compartment as described in Chapter 1.3.1.  Gas exchange 

between compartments was notionally by perfusion, which constrains gas transfer to 

occur only in the direction of blood flow. This differs from diffusion, considered in 

Chapter 4, which allows gas transfer to occur in either direction between two 

compartments.  Coupled compartments exhibit multi-exponential kinetics, unlike single 

PLB groups which display mono-exponential kinetics.  Multi-exponential kinetics has 

been shown to be a better descriptor of the gas kinetics in the previously-mentioned 

sheep studies [82, 83, 90].  The models below are designed to use similar kinetics to 

describe inert gas uptake and washout. 
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3.2.2.1. Perfusion Limited Base Model (PLB) 

The PLB model is used as the base structure(s) for many models of the incidence 

of DCS [11, 45].  The differential equation for the PLB model is equation (32) with its 

eigenvalue described by (33) 

  1
1

( )
a

dP
V Q P P

dt
  (32) 

  
1 11

k ,  (33) 

where V is the compartmental volume, Q is the compartmental perfusion rate, Pa is the 

input arterial gas tension, P1 is the calculated compartmental gas tension, λ1 is the 

eigenvalue, and k11 is the compartmental rate of gas exchange (see Table 11). 

3.2.2.2. Serial Two Level Parallel (S2LP) 

The S2LP model allows for risk delay in two parallel compartments.  Multiple 

parallel uncoupled compartments have been previously shown to be effective in 

modeling the gas kinetics associated with DCS [23, 43, 44, 51, 89] and this structure seeks 

to leverage the time delay generated from serial compartments in conjunction with 

parallel risk-bearing compartments [84].  The system of equations and eigenvalues for 

this model are given by 
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where the subscript indicates the compartment. 

3.2.2.3. Serial Two Tissue (S2T) 

The S2T model places two perfusion-limited compartments in series to add time 

delay to the risk accumulation.  Risk is only accumulated in the second compartment in 

the series.  Serial models with a single shared input and output have previously been 

shown to be effective as deterministic gas content models [87, 91-93].  This model is 

described by 

 
 

 

1
1 1 1

2
2 2 1 2

( )

( )

a

dP
V Q P P

dt
dP

V Q P P
dt

  (36) 

with 
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3.2.2.4. Serial Three Tissue (S3T) 

The S3T model is similar to the S2T model but with an additional perfusion-

limited compartment added to the chain to allow for a greater delay.  The second and 

third compartments in the series both contribute to the total risk calculation.  The input 

gas flows into the compartment that does not accumulate risk (the first compartment) 

and then proceeds through the other two compartments before exiting.  All variables 

and parameters remain the same as for S2T with the addition of a blood flow (Q3), 
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volume (V3), rate (k33), and gain for the third compartment.  The coupled system of 

ordinary differential equations describing this model are 
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with the eigenvalues 
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3.2.2.5. Central Serial Two Tissue (CS2T/CS2T_3) 

The CS2T model consists of a primary compartment into which arterial blood 

flows and with some quantity of blood flowing through two serial compartments which 

form a circuit with the primary compartment.  CS2T_3 is identical to CS2T except that all 

compartments may accumulate risk, whereas the primary compartment does not 

accumulate risk in the latter model.   The mass conservation equations for this model are 
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  (40) 

As is shown in Table 11 , the tissue coupling matrices for the S2LP, S2T, and S3T models 

are real and lower triangular.  Therefore, the eigenvalues of these coupling matrices are 

guaranteed to be real and they are located on the diagonal of the corresponding 
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coupling matrix.  The CS2T/CS2T_3 model, on the other hand, has a full coupling matrix 

and finding the eigenvalues of this matrix symbolically is more tedious.  However, the 

eigenvalues and eigenvectors, which I use in the exact solutions, may be easily found 

numerically using, for example, reduction to Hessenberg form followed by QL iteration 

[94]. 
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Table 11: Summary of the pharmacokinetic models investigated in Chapter 3. 

In the Schematic diagrams unidirectional arrows indicate perfusion, propellers 

indicate well-stirred compartments, and X indicates a risk bearing compartment. O 

indicates that the model was fit both with and without risk in that compartment.  

Gains were always included in the free parameters for AIC evaluation even if their 

exact value was computed analytically, as it still changes with each parameter update. 

Model Schematic 
Compartment 

Coupling Matrix 
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Parameters 
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  11
k  

1

1
11

1

g

Q
k

V

 

Serial 2 

Level 

Parallel 

(S2LP) 

 

 

 
 
 
  

11

22 22

33 33

0 0

0

0

k

k k

k k

 







2

3

1
11

1

2
22

2

3
33

3

g

g

Q
k

V

Q
k

V

Q
k

V

 

Serial 2 

Tissue 

(S2T) 
 

 
 
 

11

22 22

0k

k k
 





2

1
11

1

2
22

2

g

Q
k

V

Q
k

V

 

Serial 3 

Tissue 

(S3T)  

 
 
 
  

11

22 22

33 33

0 0

0

0

k

k k

k k

 







2

3

1
11

1

2
22

2

3
33

3

g

g

Q
k

V

Q
k

V

Q
k

V

 



 

62 

Central 

Serial 

Two 

Tissue 

(CS2T/C

S2T_3) 

 

  
 

 
  

11 13 13

22 22

33 33

0

0

0

k k k

k k

k k

 









1

2

3

1
11

1

3
31

1

2
22

2

3
33

3

( )g Optional

g

g

Q
k

V

Q
k

V

Q
k

V

Q
k

V

 

 

3.2.2.6. Linear Exponential Multi-Gas (LEM-NMRI98) 

The linear exponential multi-gas model was developed for the U.S. Navy and 

when calibrated with the NMRI98 data set (LEM-NMRI98) is used to predict the risk 

associated with air and N2-O2 dives.  It is the only model included in this chapter with 

multiple inputs.  In Chapter 6 multiple pharmacokinetic gas content models will be 

combined in parallel and compared to LEM-NMRI98.  No model of which the author is 

aware currently predicts the outcome for all NMRI98 profiles with more accuracy than 

LEM-NMRI98 [8, 19].  LEM-NMRI98 was therefore included as the model against which 

to compare the newer pharmacokinetic gas content models.  It is important to note that I 

cannot directly use the U.S. Navy results to compare against our models because the 

U.S. Navy parameters were optimized assuming fractional weight for marginal DCS 

events whereas I score marginal events as non-events.  As a result, I arrive at different 

parameter values, log likelihood, and predicted number of DCS cases after optimizing 
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our version of LEM-NMRI98 as reported in Chapter 2.  Achieving similar or better 

accuracy of prediction to LEM-NMRI98 on the NMRI98 data set would be sufficient 

evidence to contemplate using a model in operational conditions, as long as marginal 

DCS events are weighted the same for all results.   

3.2.3. Solution of Model Equations 

3.2.3.1. Numerical Solution 

The system of ordinary differential equations for each model is marched in time 

numerically via forward Euler integration.  In order to apply forward Euler integration, 

the system of equations is set up as 

  
T T

P MP F   (41) 

where P  represents the vector of dissolved inert gas pressures, M is the tissue coupling 

matrix, and F is the vector of input dissolved gas pressures.  Equation (41) is formulated 

generically for any of the models presented here.  For all models, the input vector only 

has a nonzero value in the first (compartment 1) position.  I then apply forward Euler 

time integration deriving the integration matrix N, from equation (41) in equations (42) - 

(45) 

 
    1 1( )n n n

T T T
t P P MP F   (42) 

 
    1n n n

T T T
P P tF tMP   (43) 

 
   1n n

T T
P tF NP   (44) 

where 
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  ( ) .N I tM   (45) 

Equation (46) gives the final expression I used for forward Euler integration.  I used an 

integration step size of 0.1 minutes which yielded the same accuracy as our exact 

solution (within several significant digits) and have not observed any indication of 

numerical instability. 

 
   1n n

T T
P tF NP   (46) 

3.2.3.2. Exact Solution 

The exact solution for the system of equations described in equation (41) is the 

same for all systems of a given size when found by eigensystem decomposition.  All of 

the models in this paper were either described by 2x2 matrices (S2T) or 3x3 matrices 

(S3T, CS2T/CS2T_3, S2LP).  The solution to the homogenous problem for a 2x2 system is 

given as  

 
  

 1 2

1 1 2 2

t t

T
P c u e c u e   (47) 

where 1  and 2  are the eigenvalues, 1
u  and 2

u  are the eigenvectors, and 1
c   and 2

c   

are constants.  The particular solutions can be found by the method of variation of 

parameters by replacing each constant with a function of t, ( )t , to yield 
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If I require that   is a solution to the differential equation, then I can rewrite equation 

(48) as 

 1 2

1 1 2 2
,t tu e u e F 

 
 

    (49) 
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where F  is given by 

 2 2
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11
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  (50) 

in which k11 is the rate constant, 
2

0

N
P  is the starting nitrogen tension, 

2N
R  is the rate of 

change for the inert gas tension, and t is time.  After elimination, I find the   as 
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where I define  1  and 2  as follows: 
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This allows us to rewrite equations (51) and (52) as 
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Integrating these equations yields 
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Next, restate the particular solution in terms of the tissue tension (PT) for each 

compartment as 

 1 2

1 1 2 2
,t t

T
P u e u e 

 
 

    (58) 

and isolate terms with the constants c1 and c2, which are embedded in  , by using the 

initial condition (59) at t = 0 
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This yields 
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where gamma primed terms are 
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Rearrange (60) into (62) 
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and set t=0 and substitute the initial conditions (59) 
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where 
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I can now write the full linear system as 
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Solving for the constants c, I get 
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Exact solutions of the models described by 3x3 systems follow a similar pattern to the 

2x2 system starting with the solution to the homogenous problem shown in equation 

(67). An additional eigenvalue (λ) and eigenvector (u) are added for the additional 

compartment with a subscript 3 to give 

 
   

   31 2

1 1 2 2 3 3
.tt t

T
P c u e c u e c u e   (67) 

Variation of parameters is used to find the particular solution (68) assuming  is a 

solution to the differential equation 
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where 
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Upon forming the linear system 
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I then solve for   by Cramer’s rule 
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where M1x is the 1,x minor of the eigenvector matrix 
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and W is the determinant of the eigenvalue matrix.  Let 
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so then 
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which by integration becomes 
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Therefore, the solution is given by 
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Expanding on our initial condition from the 2x2 system at t = 0 I now have 
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If I repeat the process of isolating terms with the constants from gamma I arrive at 
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with 
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After setting t=0 and applying our initial conditions I am left with 
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I can now apply Cramer’s rule to solve for the constants ci. 
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where Mxy is the x,y minor of the eigenvector matrix.  The exact solution was applied to 

the models which showed the most merit after initial evaluation using numerical 

integration methods.  When the exact solution is employed the risk function must still be 

integrated numerically due to the non-negativity constraint.  The time to evaluate each 

profile was decreased sufficiently that the change in evaluation time did not have to be 

quantified to determine that the exact solution afforded a major performance 

improvement. 
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3.2.4. Model Performance 

The performance of each pharmacokinetic gas content model is assessed using 

the techniques described in Chapter 1.3.3.  The log likelihood difference test is excluded 

due to the models not being nested.  In addition to being compared on the full NMRI98 

data set I also compared all models against the data subsets described in the data 

section.  The extrapolation data set described in Chapter 1.1 is used to determine the 

predictive power outside the training set by comparing bulk probability against the full 

extrapolation data set and its subsets. 

3.3. Results 

For the full data set, I report the log likelihood, weighted AIC index, and fitted 

parameters for the models trained against the full NMRI98 data set in Table 12.  As 

discussed above I use the LEM-NMRI98 model as the metric by which I judge the 

pharmacokinetic gas content models.  No pharmacokinetic gas content model out 

performed LEM-NMRI98, but CS2T_3 performed the best out of the pharmacokinetic 

gas content models.  The superior performance of LEM-NMRI98 can be attributed to its 

inclusion of multiple functional units (one or more compartments with a single input), 

multiple gases, and a threshold term.  This does not mean that the pharmacokinetic gas 

content models do not have merit.  Rather, it indicates that, like LEM-NMRI98, multiple 

functional units will be needed to adequately describe the data.  The ensuing analysis of 

the results is focused on determining which functional groups show the most promise.  
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The best-fit parameters for each of the models fit to the full data set are provided in 

Table 12. 
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Table 12: Best-fit parameters and results against the full NMRI98 data set where, gi parameters are gains and kij 

parameters are rate constants.  The subscript indicates corresponding compartment for rate constants i and j indicate perfusion or 

diffusion from ith to jth compartment. The additional parameters and definitions for LEM-NMRI98 are o22 the time constant for 

oxygen in the second compartment, PSET2 the pressure in atm above which oxygen begins to contribute to risk in the second 

compartment, PXO2 the threshold at which exponential kinetics convert to linear, and THR3 the threshold above which 

supersaturation contributes to risk.  The closer the weighted AIC index is to 1, the better that model describes the data.  The 

LEM-NMRI98 model (null model) provided the best fit to the full data. 

Parameter value (+/- 95% CI) CS2T_3 CS2T PLB S2LP S2T S3T 
LEM-

NMRI98 

g1 
7.22E-03 

(7.41E-03) 
N/A -- N/A N/A N/A 

2.99E-03 

(3.54E-03) 

g2 
8.83E-05 

(1.07E-04) 

3.58E-03 

(3.82E-03) 
N/A 

2.32E-03 

(4.06E-03) 
N/A 

5.69E-03 

(1.61E-02) 

1.57E-04 

(6.20E-05) 

g3 
6.17E-04 

(1.19E-04) 

7.01E-04 

(1.08E-04) 
N/A 

7.29E-04 

(1.02E-04) 
N/A 

7.30E-04 

(1.02E-04) 

8.62E-04 

(2.88E-04) 

k11 
9.85E-01 

(5.68E-01) 

9.50E-01 

(9.12E-01) 
-- 

5.46E-01 

(4.90E-01) 
N/A 

1.02E-00 

(1.66E-00) 

5.96E-01 

(4.15E-01) 

k13 
2.59E-02 

(1.58E-01) 

1.90E-01 

(1.72E-01) 
N/A N/A N/A N/A N/A 

k22 
3.68E-02 

(3.22E-02) 

1.05E+00 

(1.13E+00) 
N/A 

7.19E+00 

(4.20E+01) 
N/A 

5.50E-00 

(1.55E+01) 

1.02E-02 

(2.31E-03) 

k23 N/A N/A N/A N/A N/A N/A N/A 

k32 N/A N/A N/A N/A N/A N/A N/A 

k33 3.35E-03 3.99E-03 N/A 3.34E-03 N/A 3.33E-03 1.95E-03 
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(7.19E-04) (3.46E-04) (1.88E-04) (1.84E-04) (2.61E-04) 

o22 N/A N/A N/A N/A N/A N/A 
2.86E-02 

(8.39E-03) 

PSET2 N/A N/A N/A N/A N/A N/A 
8.46E-01 

(2.27E-02) 

PXO2 N/A N/A N/A N/A N/A N/A 
1.07E-01 

(3.26E-02) 

THR3 N/A N/A N/A N/A N/A N/A 
9.70E-02 

(2.69E-02) 

Log Likelihood -1167.67 -1169.27 -- -1170.65 N/A -1170.75 -1152.78 

Weighted AIC Index 6.98E-06 3.84E-06 -- 2.62E-06 N/A 2.38E-06 0.99E-00 
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No parameter sets were found for PLB and S2T that did not cause statistical model 

failure against the full training data set.  I define model failure as PDCS equal to zero for 

a profile which resulted in an incidence of DCS.  Figure 10 shows the fractional risk 

contribution of each compartment for CS2T_3 to each dive.  90% or more of the risk is 

described by the third and slowest compartment for all of the saturation dives.  Most 

other dives split their risk between the second and third compartments.  There is a 

distinct subset of the dives shown in Figure 10 which split their risk between the first 

and second compartments neglecting the third.  Figure 11 illustrates that these dives are 

a subset of the single air bounce dives. 

 

Figure 10: Plot of the proportion of the compartmental risk contribution to the 

total integrated risk for CS2T_3 against the full NMRI98 data set, separated by 

saturation dives and all other exposures.  The fraction of risk from each compartment 

starts at 100% in the corner (marked 1.0 for that compartment and decreases linearly 
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with distance from the corner).  Isoclines indicate a 10% change in contribution.  

Points in a corner indicate that only a single compartment contributed and points on 

an axis only had two compartments contribute to risk.  For instance, the clump of 

saturation dives in the lower left corner indicates that risk for saturation dives came 

almost exclusively from the 207 minute halftime compartment with a small 

contribution from the 18.9 minute half time compartment and none from the 0.70 

minute half time compartment.  This is consistent with our finding that only a single 

perfusion limited compartment (PLB) is needed to describe saturation dive data. 

 

Figure 11: Plot of the proportion of compartmental risk contribution to the 

total integrated risk for CS2T_3 against the full NMRI98 data set; separated by single 

air bounce dives and all other exposures.  The fraction of risk from each compartment 

starts at 100% in the corner marked 1.0 for that compartment and decreases linearly 

with distance from the corner.  Isoclines indicate a 10% change in contribution.  

Points in a corner indicate that only a single compartment contributed and points on 

an axis only had two compartments contribute.  The single air bounce dives relied on 

all three compartments of CS2T_3 providing further evidence for multi-exponential 

kinetics being useful in predicting bounce dives.  This is in contrast to saturation 

dives which only use the slowest compartment. 
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Figure 12 shows the occurrence density function (ODF) of the NMRI98 data set overlaid 

with the (ODF) generated from the best fit of CS2T_3 against the full data set.  This 

figure shows that there is very good agreement between the best fit model and the data 

set for time of onset of DCS.  The ODF for the NMRI98 data set has a bimodal peak 

while the CS2T_3 ODF has a single peak.  This failure to predict the bimodal ODF is 

common and seen in investigations of the EE1 and LE1 models [63]. 

 

Figure 12: Occurrence density function (ODF) of the calibrated NMRI98 data 

set and the CS2T_3 model fit.  Negative time indicates DCS occurred before the dive 

ended.  CS2T_3 well predicts the overall number of DCS events that should occur 

after surfacing from a dive.  This is shown by the good agreement between the peak 

of DCS occurrences per hour for CS2T_3 aligning with the peak for the NMRI98 data 

set.  CS2T_3 does not replicate the bimodal behavior shown around time of surfacing 

for the NMRI98 data. 
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The risk predictions of CS2T_3 and LEM-NMRI98 are compared in Figure 13 and Table 

13.  Table 13 shows that CS2T_3 has a tendency to under-predict the risk of saturation 

exposures.  CS2T_3 better predicted the full extrapolation data set than LEM-NMRI98.  

However, CS2T_3 showed worse performance extrapolating to single air and repetitive 

and multilevel non-air diving than LEM-NMRI98.  These are the high-risk dives lying 

away from the line of identity in Figure 13.  CS2T_3 consistently better predicted the 

risks for single air bounce dives and dives with oxygen decompression indicating that 

oxygen does not always have to be addressed directly by the model.  Both models have 

difficulty predicting repetitive N2-O2 dives.  While CS2T_3 predicts well the bulk 

probability of the data set at 223.27 it does not consistently assign the correct probability 

to the correct exposures by inspection of individual profiles.  For example, the risk of 

many saturation dives is significantly under-predicted.  This is, in turn, offset by over 

prediction of the risk associated with repetitive dives.  This allows for a total of 223 cases 

of DCS to be predicted for the total training data set but the individual profile 

probabilities are not assigned to the correct profiles. 
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Figure 13: This figure shows the difference in prediction of PDCS over the 

entire NMRI98 data set for both the CS2T_3 model and the LEM-NMRI98 model.  

Points above the line of identity show that CS2T_3 under predicts risk for many 

profiles relative to LEM-NMRI98s predictions. 
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Table 13: Bulk probability of decompression sickness for the NMRI98 data set 

and subsets compared to the CS2T_3 and LEM-NMRI98 models.  PDCS is provided 

for the full data set and all subsets explored.  CS2T_3 does a poor job of predicting the 

risk of saturation dives which LEM-NMRI98 does well, predicting only one hit more 

than is present in the data set.  CS2T_3 however, is a better predictor of single air and 

oxygen decompression dives.  Neither LEM-NMRI98 nor CS2T_3 predict the risk of 

repetitive dives particularly well.  Results against the extrapolation data are provide 

in parenthesis below each value.  CS2T_3 better predicted the full extrapolation data 

set, but did not extrapolate as well as LEM-NMRI98 to single air and repetitive and 

multilevel non-air diving. 

Data Set CS2T_3 LEM-NMRI98 DCS 

NMRI98 Full Set 
223.27 

(152.2) 

223.24 

(164.64) 

223 

(147) 

Single Air 
46.25 

(47.16) 

43.72 

(51.47) 

53 

(86) 

Single Non-Air 
29.65 

(--) 

26.50 

(--) 

25 

(--) 

Repetitive and Multilevel Air 
40.86 

(15.34) 

38.39 

(15.74) 

34 

(5) 

Repetitive and Multilevel Non-Air 
35.86 

(11.66) 

29.80 

(12.40) 

26 

(2) 

Surface Decompression with Oxygen 
12.64 

(77.99) 

11.93 

(80.03) 

11 

(54) 

Oxygen Decompression 
22.14 

(--) 

19.88 

(--) 

22 

(--) 

Saturation 
35.84 

(--) 

52.98 

(--) 

52 

(--) 

All Minus Saturation 
187.42 

(--) 

170.25 

(--) 

171 

(--) 

 

Table 14 provides the results of evaluating the extrapolation data set with 

CS2T_3 and LEM-NMRI98.  CS2T_3 was a much better descriptor of the number of cases 

of DCS during surface decompression with oxygen than LEM-NMRI98.  However, both 

LEM-NMRI98 and CS2T_3 poorly predicted the number of occurrences of DCS in the 
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other dive types.  Because LEM-NMRI98 performed better than CS2T_3 on the other 

dive types, it also performed better than CS2T_3 on the extrapolation data set overall.  

Using Pearson’s  2   as a metric of success leads to the conclusion that LEM-NMRI98 is 

the best descriptor of the extrapolation data. 

Table 14: Comparison of results on the extrapolated data set for Chapter 3.  The 

extrapolation data set lacks several of the dive profile types in the training set 

preventing it from being a comprehensive test of the quality of model fit.  It does 

however, cover single air diving and dives using surface decompression with oxygen 

well.  Neither LEM or CS2T_3 predicted the number of DCS events in any subset 

well, except for surface decompression with oxygen dives which CS2T_3 predicted 

well.  Using the Pearson 2 test as a metric of success results in LEM being selected as 

a better predictor of the extrapolation data than CS2T_3. 

Dive Type Exposures 

LEM DCS 

Cases 

Predicted 

CS2T_3 

DCS Cases 

Predicted 

DCS 

Observed 

Single Air 1,272 51.46 47.16 86 

Repetitive and Multilevel Air 284 15.74 15.34 5 

Repetitive and Multilevel 

Non-Air 
128 12.41 11.66 2 

Surface Decompression with 

Oxygen 
1,456 85.03 54.94 54 

Total 3,140 60.71 54.94 147 

Pearson 
2   N/A 145.67 164.26 N/A 

 

For the dive type subsets, I only report results for the model which best 

described each data subset.  These results are summarized for each subset in Table 15 

along with the best fit parameters.  Complete subset results are provided in Appendix A.  

Saturation dives were best described by the Perfusion Limited Base model.  This is 

consistent with these dives being solely described by a single slow compartment in the 
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breakdown of the full set results.  Single air bounce dives were described best by the 

CS2T_3 model which is again consistent with the risk associated with the dives being 

spread across multiple compartments as seen in Figure 10. 
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Table 15: Best fit model parameters against the NMRI98 data set, gi parameters are gains kij parameters are rate constants.  

The subscript indicates the corresponding compartment for rate constants, i and j indicate perfusion from ith to jth compartment.  

The additional parameters and definitions for LEM-NMRI98 are o22 the time constant for oxygen in the second compartment, 

PSET2 the pressure in atm above which oxygen begins to contribute to risk in the second compartment, PXO2 the threshold at 

which exponential kinetics convert to linear kinetics, and THR3 the threshold above which supersaturation contributes to risk in 

the third (slow) compartment. The +/- values for the 95% confidence intervals are displayed in parenthesis below each parameter 

value.  Omitted confidence intervals indicate that the covariance matrix did not allow for it to be calculated.  Each reported model 

had the highest weighted AIC Index against the listed data subset.  This indicates that each listed model was the best. 

Parameter 

value (+/- 

95% CI) 

Single Air 

– CS2T_3 

Single 

Non-Air – 

PLB 

Repetitive 

and 

Multilevel 

Air – PLB 

Repetitive 

and 

Multilevel 

Non-Air – 

LEM-

NMRI98 

Surface 

Decompression 

with Oxygen – 

PLB 

Oxygen 

Decompression 

– PLB 

Saturation 

– PLB 

All Minus 

Saturation 

– LEM-

NMRI98 

g1 
2.94E-03 

(3.58E-03) 

6.57E-04 

(2.61E-04) 

6.77E-04 

(2.27E-04) 

3.67E-04 

(3.82E-04) 

7.31E-04 

(4.37E-04) 

8.52E-04 

(4.16E-04) 

1.07E-03 

(4.05E-04) 
3.63E-03 

g2 
2.44E-04 

(1.26E-03) 
N/A N/A 

9.83E-07 

(3.30E-05) 
N/A N/A N/A 

9.62E-05 

(1.27E-04) 

g3 
3.76E-04 

(1.03E-03) 
N/A N/A 

1.89E-03 

(1.40E-03) 
N/A N/A N/A 

1.15E-03 

(1.81E-03) 

k11 
3.11E-01 

(3.07E-01) 

3.59E-03 

(1.55E-03) 

3.51E-03 

(1.20E-03) 

5.00E-02 

(3.13E-02) 

4.34E-03 

(2.60E-03) 

5.34E-03 

(2.68E-03) 

3.18E-03 

(4.51E-04) 
7.01E-01 

k13 
5.56E-02 

(1.58E-01) 
N/A N/A N/A N/A N/A N/A N/A 
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k22 
6.73E-03 

(6.86E-03) 
N/A N/A 

1.95E-02 

(1.43E-01) 
N/A N/A N/A 

1.55E-02 

(3.34E-03) 

k23 N/A N/A N/A N/A N/A N/A N/A N/A 

k32 N/A N/A N/A N/A N/A N/A N/A N/A 

k33 
8.71E-03 

(3.43E-02) 
N/A N/A 

2.46E-03 

(6.54E-04) 
N/A N/A N/A 

1.88E-03 

(3.93E-03) 

o22 N/A N/A N/A 
9.17E-02 

(1.48E-00) 
N/A N/A N/A 

2.67E-02 

(7.18E-03) 

PSET2 N/A N/A N/A 
3.77E-01 

(6.32E-0) 
N/A N/A N/A 

5.29E-01 

(1.24E-01) 

PXO2 N/A N/A N/A 
6.28E-02 

(4.60E-02) 
N/A N/A N/A 

7.46E-02 

(5.00E-02) 

THR3 N/A N/A N/A 
1.46E-02 

(7.10E-01) 
N/A N/A N/A 

9.95E-02 

(2.25E-02) 

Log 

Likelihood 
-269.29 -138.48 -187.56 -155.64 -72.33 -114.79 -211.97 -941.57 

Weighted 

AIC Index 
0.31 0.57 0.39 0.46 0.62 0.65 0.45 1.0 
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3.4. Discussion and Conclusions 

There is mounting evidence that multi-exponential kinetics are required to 

accurately describe the pharmacokinetics of inert gases in vivo [82, 83, 95, 96].  The 

present chapter adds to the evidence that multi-exponential kinetics may be valuable for 

modeling decompression sickness in humans.  Multi-exponential models that impose a 

delay on gas kinetics in the risk-bearing compartments, such as our CS2T and CS2T_3 

models, describe the full data set better than our simplest model, PLB.  Examination of 

subsets of the data suggest that this delay is necessary only to describe the outcome of 

single air bounce dives, although this is a relatively diverse collection of dives.   

Experimental data indicates that a diffusion component would more closely 

align models of DCS with the underlying physiology [82, 83, 90].  This chapter adds 

further evidence to those findings since diffusion acts principally as an additional means 

to delay the accumulation of risk.  It should be noted, that the CS2T models had multiple 

compartments with very different rate constants and it may be that this, rather than the 

delay in kinetics, allowed for the better description of the diverse dives.  The improved 

performance with CS2T_3 on single air dives over other models is likely a function of the 

depth and time profiles contained in the subset.  However, none of the pharmacokinetic 

gas content models performed better than LEM-NMRI98 in describing the full data set.  

Whereas LEM-NMRI98 described the full extrapolation data set better than CS2T_3, 

neither model described this data set well. The implication of this poor performance is 
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unclear, in part due to the disproportionately large number of surface decompression 

exposures in the extrapolation data set compared to the calibration data set.  CS2T_3’s 

better prediction of surface decompression exposures hindered it in the comparison of 

performance for the full set.  The over-prediction of DCS occurrence during surface 

decompression profiles brought LEM-NMRI98 closer to the observed number of DCS 

occurrences for the full extrapolation data set.  Using Pearson’s 2  test and binning the 

data by data file still resulted in LEM-NMRI98 being selected over CS2T_3 as the better 

descriptor of the full extrapolation set.   

LEM-NMRI98 is similar to many conventional decompression models that use 

several PLB units in parallel.  Whereas the present work investigated only single 

pharmacokinetic units, several lines of evidence suggest that a collection of 

pharmacokinetic units in parallel may provide a useful description of diverse 

decompression data sets such as NMRI98.  First, LEM-NMRI98, which is comprised of 

parallel units, provided the best fit to the data.  Second, the results of fit to the data 

subsets indicates that different pharmacokinetic model structures provided better 

descriptions of the dive type subsets.  PLB was the best descriptor of all dive data 

subsets except single air and repetitive and multilevel non-air, as well as all dives minus 

the saturation exposures.  CS2T_3 described the single air dives best.  LEM-NMRI98 was 

the best descriptor of the repetitive and multilevel non-air exposures, it did not describe 

the bulk probability well (Table 13), indicating that some necessary element is still 
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missing.  Together, this provides evidence that a combination of pharmacokinetic units 

in parallel, such as a PLB compartment, to account for most dive types and CS2T_3 to 

account for the bounce dives, may provide a further improved fit to the overall data set. 

Models with multi-exponential kinetics proved to be a superior predictor of the 

incidence of DCS for single air dives, but a single coupled pharmacokinetic unit alone 

did not best describe the full data set.  Pharmacokinetic model structures clearly show 

promise but mixed collections of parallel model structures and diffusion based models, 

which better agree with the underlying physiology, should still be investigated.  Once 

the importance of these additional factors is fully quantified, then a comparison of the 

pharmacokinetic model’s predictive power to that of existing operational US Navy 

models and possibly extension of these models to accommodate multiple gas and bubble 

dynamics might be warranted. 
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Table 16: Definitions and units for variables in Chapter 3. 

Parameter/Name Description Units 

βi Generic variable used during derivation of the exact 

solution. 

-- 

λi Eigenvalue of the ith compartment. N/A 

γ A function of time used to replace the constants during 

the application of variation of parameters while 

deriving the exact solution. 

-- 

γ' Derivative of the function gamma. -- 

ϕ A solution to the differential equation used while 

applying variation of parameters. 

N/A 

cj The jth constant. -- 

 2   Perason’s  2  test statistic. N/A 

F  Vector of input concentrations. atm 

gi Gain parameter to scale ith compartment.  This 

parameter is only applicable for compartments which 

bear risk. 

min-1 

I The identity matrix N/A 

kij Rate constants indicating perfusion or diffusion rate 

from the ith to jth compartment. 

min-1 

M Compartment coupling matrix given in Table 11. N/A 

Mxy x,y minor of the eigenvector matrix N/A 

N Euler integration matrix. N/A 

Pa Arterial inert gas tension. atm 

Pi Inert gas tension in the ith compartment. atm 

PSCij Permeability surface area coefficient from 

compartment i to j. 

ml/min 

0

iT
P  Tissue tension of inert gas in the ith compartment at the 

beginning of the dive segment. 

atm 

PT Current tissue tension of inert gas in the compartment 

being calculated or ith compartment if subscript i is 

present. 

atm 

T
P  Vector of gas tensions in each compartment. atm 

T
P  Vector of rate of change in inert gas tensions in each 

compartment. 

atm/min 

Pv Venous inert gas tension. atm 

Qi Blood flow into ith compartment. ml/min 
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RN2 The rate change for the inert gas tension. atm 

t Time. min 

xy
u  x,y indexed element of the eigenvector matrix. N/A 

Vi Volume of ith compartment. ml 

W Wronskian. N/A 
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4. Probabilistic Pharmacokinetic Models of 
Decompression Sickness in Humans: Perfusion-
Diffusion Models 

4.1. Introduction 

It has been shown that pharmacokinetic gas content models, with coupled 

compartments, more accurately describe the uptake and washout of two inert gases, 

nitrogen and helium, in the skeletal muscle and cerebral tissue of sheep [82, 83, 90] than 

do independent perfusion-limited compartments.  That work confirmed the hypothesis 

that inert gas kinetics are not strictly mono-exponential in vivo.  Multi-exponential 

kinetics from the addition of a diffusion component best describe the experimental 

sheep data.  In this chapter, pharmacokinetic gas content models used to describe the 

uptake and elimination of nitrogen in sheep are applied to predicting the probability of 

occurrence of DCS in humans.  In Chapter 3, I found that pharmacokinetic gas content 

model structures employing coupled, well-stirred, perfusion-limited compartments can 

be used to better describe the incidence of DCS in humans than a single perfusion-

limited compartment.  Using coupled compartments adds a delay to the accumulation of 

risk which better aligns the prediction of symptom onset time with the reality that DCS 

typically occurs 10 minutes to 48 hours post exposure [2].  Adding a diffusion 

component to a model, as is explored in this chapter, provides an alternate method for 

introducing multi-exponential kinetics and a delay of risk accumulation.  Unlike the 

perfusion-limited pharmacokinetic models, in which mass transfer is unidirectional, a 
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diffusion compartment acts as a sink for the inert gas early on in the exposure delaying 

risk accumulation and then becomes a source as the inert gas burden is reduced during 

decompression in the perfusion-limited compartment.   

In this chapter, pharmacokinetic gas content models with a single arterial input 

are compared to determine which model structure best correlates the NMRI98 data.  All 

models investigated are also compared to the LEM-NMRI98 model, which incorporates 

oxygen, linear-exponential kinetics, and a supersaturation threshold term.  The addition 

of these latter features to pharmacokinetic gas content models is not investigated in this 

chapter.  In addition to the investigation of the model description of the full data set, I 

investigate which model structures best describe the dive type subsets of the NMRI98 

data. 

4.2. Methods 

The parameters of each model were optimized against the NMRI98 data set 

following the procedures described in Chapter 1.3.2.  As described in Chapter 1.3.3, 

models were compared using the weighted Akaike information criterion (AIC) index.  

The likelihood ratio test was not applicable because the models were not nested. 

4.2.1. Data 

The training set contains air and enriched air (nitrox) dives including between 

bounce dives, repetitive dives, dives using oxygen to accelerate decompression both on 

the surface and in water, submarine escape, and saturation dives.  In total, there are 
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4,335 exposures divided between 1,304 profiles with 223 cases of DCS.  A more 

comprehensive description of the data is provided in Chapter 1.1.  Only full cases of 

DCS were considered as a “DCS event” since I have previously shown that marginal 

DCS cases to degrade the quality of fit [1].  I also fit the models to each subdivision of 

the data making eight total subsets as is detailed in Table 1.  The best fit for each model 

was also tested against the extrapolation data set described in Chapter 1.1.  The 

extrapolation data set consists of 3,140 exposures executed using 1,198 distinct profiles 

during which 147 DCS events occurred. 

4.2.2. Models 

Six pharmacokinetic gas content models were derived, implemented, and 

optimized along with two previously-optimized models which were used as the null 

cases.  Three of the models investigated have previously been tested on sheep gas 

kinetics data (PDB, PDCCD, PLCCD) while the other two pharmacokinetic gas content 

model forms (PDB_10, PDB_01) were selected to test whether risk accumulation in a 

perfusion and diffusion component was necessary as opposed to just relying on solely 

the diffusion or perfusion component [82, 83, 90].  One novel model form, S2LPD, was 

also tested.  The models were derived as a collection of well stirred compartments with 

exponential gas uptake and wash out (Chapter 1.3.1), coupled by either perfusion or 

diffusion.  It is important to stress that, for the present work, our use of the phrase 

“diffusion compartment” is intended to mean that mass transfer between the perfused 
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compartment and the diffusion compartment occurs by transfer across a thin, permeable 

membrane.  The conservation of mass equations resulting from this assumption generate 

a coupled system of ordinary differential equations rather than a partial differential 

equation as would be the case if there were diffusion within the compartment.  The inert 

gas concentration in arterial blood is the input and all models investigated only have a 

single input.  I limited this study to a single input to determine whether multiple inputs 

are statistically justified when compared to LEM-NMRI98 which has one input per 

compartment instead of one input for all compartments. 

The LEM-NMRI98 model is a collection of three perfusion-limited uncoupled 

compartments [8, 44].  The second compartment in the LEM-NMRI98 model includes 

oxygen as a participating gas in addition to nitrogen.  Further, the second compartment 

also includes a crossover point at which the uptake and elimination of inert gas switches 

from exponential to linear kinetics.  Its third compartment contains a threshold term 

which has been shown to consistently improve the ability of gas content models to 

predict the incidence of DCS in humans [54, 55].  LEM-NMRI98 is described in detail in 

Chapter 2.2.2.  LEM-NMRI98 is one of the best performing models to date against the 

data used in this project.  Our version of LEM-NMRI98 differs from the version typically 

used by the U.S. Navy in that I re-optimized the model parameters with a weight of 0.0 

for marginal DCS cases for the reasons discussed in Chapter 2. 
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Table 22 lists the variables used to describe the models and their definitions used 

in this Chapter.  Table 17 summarizes the seven models with their names, abbreviations, 

schematic diagram of each, any assumptions made, and their parameters.  An 

underscore and number is used to differentiate between models that differ only in which 

compartments accumulate risk.  Within the schematic diagrams, arrows that do not 

cross a line indicate perfusion and those crossing lines indicate diffusion.  An “X” in a 

compartment indicates that the marked compartment is a risk accumulating 

compartment while an “O” indicates that the compartment only bears risk in certain 

versions of the model.  The conversion of gas tension to probability of the onset of DCS 

(PDCS) via supersaturation ratio is described in detail elsewhere [65].  The gas 

supersaturation ratio is summed between all risk accumulating compartments prior to 

input into the risk function.  Compartments which do not accumulate risk are calculated 

as gas source/sinks, but not summed into the value used in the risk function.  All models 

were derived assuming that, diffusion if present, was governed by a constant rate 

parameter in either direction depending on gradient. 
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Table 17: Summary of pharmacokinetic gas content models explored in Chapter 4.  In the Schematic Diagrams, 

unidirectional arrows indicate perfusion, bidirectional arrows indicate diffusion, propellers indicate well stirred compartments, 

and X indicates a risk bearing compartment.  An O indicates the model was tested both with and without risk accumulating in 

that compartment. 

Model Name Schematic Diagram Assumptions and System Matrix 
Parameter 
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All models were programmed in C# and the parameter values were optimized by the 

Nelder-Mead algorithm to maximize the log likelihood using the NMRI98 USN dive 

data set described as outlined in Chapters 1.1 and 1.3.2.  Time of symptom onset 

information for DCS events has been shown to improve model performance and was 

included during model training [67]. 

4.2.2.1. Perfusion Limited Base Model (PLB) 

The description of the PLB model is provided in Chapter 3.2.2.1.  PLB is used as 

the basis for comparison when determining whether diffusion is a beneficial mechanism 

in the various subsets fit below.  Unfortunately, PLB does not have sufficient degrees of 

freedom to fit all of the human data.  As such it cannot be used as the sole model for the 

entire data set.   

4.2.2.2. Perfusion Diffusion Base Model (PDB/PDB_01/PDB_10) 

The PDB model adds a second compartment to the PLB model which is 

connected via bidirectional diffusion with a uniform rate parameter.  This is the model 

which best described the experimental helium and nitrogen uptake and washout data in 

sheep [82, 83].  In this version, both compartments accumulate risk.  The 01 variant of 

the model allows risk only in the diffusion compartment while the 10 variant allows risk 

only in the perfusion compartment.  The coupled differential equations of this model are 

 
   

 

1
1 1 1 12 2 1

2
2 21 1 2

( ) ( )

( )

a

dP
V Q P P PS P P

dt
dP

V PS P P
dt

  (83) 



 

99 

where V is the compartmental volume, Q is the blood flow rate, Pa is the arterial gas 

tension, Pv is the venous gas tension, PS is the diffusion rate, and the single subscripts 

indicate to which compartment the variable belongs.  The double subscripts on the 

diffusion rates indicate the compartment to which the parameter belongs (first subscript) 

and with which it exchanges mass (second subscript). 

4.2.2.3. Perfusion Limited Countercurrent Diffusion (PLCCD) 

In the PLCCD model, diffusion occurs between the input and output 

compartments and acts to delay equilibration of the risk-bearing compartment with the 

input. This diffusion can be thought of as being between non-capillary blood vessels.  

This model is described by 
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4.2.2.4. Perfusion Diffusion Countercurrent Diffusion (PDCCD) 

The PDCCD model is the PDB model with the assumption that the inflow and 

outflow of blood are separated by a membrane which allows diffusion.  The rate of gas 

uptake and elimination in the fourth compartment is not identifiable unless it is tied to 

the first compartment or diffusion is present between the first and fourth compartments.  

Without a connection to the first compartment there is not a unique solution.  The 4x4 

set of coupled ordinary differential equations describing the PDCCD model is 
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4.2.2.5. Serial Two Level Parallel Diffusion (S2LPD) 

S2LPD augments S2LP model described in Chapter 3.2.2.2 by allowing diffusion 

between the final two compartments.  The resulting differential equations are 
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4.2.3. Solution of Model Equations 

In Chapter 3.2.3, I derived numerical and exact solutions to all pharmacokinetic 

gas content models with up to a 3x3 system.  The numerical solutions used in this 

chapter are unchanged from Chapter 3.2.3.1 using finite differences and forward Euler 

integration to numerically solve the system of equations for each model.  The exact 

solutions were again all found by eigenvalue decomposition.  I extend this work further 

by providing the exact solution for a system of four equations given below.  This 

solution assumes real eigenvalues.  Equation (87) gives the solution to the homogenous 

problem for a system of four equations where ui and iare the eigenvectors and 
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eigenvalues respectively.  Equation (88) provides the particular solution through the 

method of variation of parameters.   
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4.3. Results 

Results for the NMRI98 data set are listed in Table 18; including log likelihoods, 

AIC indices comparing all models, and weighted AIC indices for all models excluding 

LEM-NMRI98.  Using the weighted AIC index, no pharmacokinetic gas content model 

better described the data than the more complex LEM-NMRI98 model.  Without LEM-

NMRI98 being included in the comparison, PDB describes the data much better than any 

other pharmacokinetic gas content structure I explored; which is consistent with the 

findings of the original sheep work.  In Table 18, the best fit parameter estimates for each 

model are provided along with their 95% confidence intervals.  For some of the models, 

confidence intervals are not reported indicating that either the Nelder-Mead algorithm 

did not converge to the true extremum or the extremum was close to the failure 

boundary preventing the Hessian matrix from being approximated by finite differences. 
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Table 18: Pharmacokinetic gas content models with diffusion results after optimization on the NMRI98 data set.  The 

Weighted AIC Index indicates better model description of the data relative to the other models if the value is close to 1.  Best fit 

parameters after training with the full NMRI98 data set are reported, where gi parameters are gains and kij parameters are rate 

constants. The i and j subscripts on the rate constants indicates perfusion from the ith to the jth compartment.  The 95% confidence 

intervals are shown in parenthesis below each parameter.  If the interval is not shown, it could not be calculated.  The PLB model 

is not included because it is incapable of describing the full model set without model failure.  Model failure occurs when there is 

a model-predicted 0% chance of DCS for a profile during which DCS occurred which makes the log likelihood negatively 

infinite. 

Parameter Value (+/- 95% CI) PDB PDB_01 PDB_10 PLCCD PDCCD S2LPD LEM-NMRI98 

g1 
2.19E-03 

(2.12E-03) N/A 8.44E-04 N/A N/A N/A 

2.99E-03 

(3.54E-03) 

g2 
7.00E-04 

(1.14E-04) -- N/A -- 

2.23E-03 

(6.73E-03) 3.61E-03 

1.57E-04 

(6.20E-05) 

g3 N/A N/A N/A N/A 

7.00E-04 

(1.24E-04) 7.03E-04 

8.62E-04 

(2.88E-04) 

k11 
3.08E-01 

(2.04E-01) 

 

-- 

 

1.46E-02 -- 

4.36E-01 

(2.12E+00) 1.44E+00 

5.96E-01 

(4.15E-01) 

k12 
6.44E-02 

(5.68E-02) -- 

 

2.07E-01 N/A N/A N/A N/A 

k13 N/A N/A N/A -- N/A N/A N/A 

k14 N/A N/A N/A N/A 

7.43E-02 

(2.99E+00) N/A N/A 

k22 
4.02E-03 

(5.15E-04) 

 

-- 

 

6.52E-02 -- 

6.46E+00 

(1.33E+01) 7.39E-01 

1.02E-02 

(2.31E-03) 

k23 N/A N/A N/A N/A 4.01E-03 3.26E-03 N/A 
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(5.95E-04) 

k32 N/A N/A N/A N/A 

1.18E+00 

(9.15E-01) 1.46E-01 N/A 

k33 N/A N/A N/A N/A N/A 6.10E-04 

1.95E-03 

(2.61E-04) 

o22 N/A N/A N/A N/A N/A N/A 

2.86E-02 

(8.39E-03) 

PSET2 N/A N/A N/A N/A N/A N/A 

8.46E-01 

(2.27E-02) 

PXO2 N/A N/A N/A N/A N/A N/A 

1.07E-01 

(3.26E-02) 

THR3 N/A N/A N/A N/A N/A N/A 

9.70E-02 

(2.69E-02) 

Log Likelihood -1169.85 -- -1221.46 -- -1169.7 -1169.33 -1152.78 

Weighted AIC Index 0 -- 0 -- 0 0 1 

Weighted AIC Index no LEM-

NMRI98 0.72 N/A 0 -- 0.11 0.16 N/A 
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 In Figure 14, I examine the risk contribution from perfusion and diffusion in the 

PDB model for each profile.  A majority of the profiles accrued some risk in the diffusion 

compartment.  The two extremes are submarine escape data, which are dives 

characterized by a relatively short dwell time at depth followed by a rapid ascent, and 

saturation dives.  The submarine escape dives accrued 100% of their risk from the 

perfusion compartment.  On the opposite end of the spectrum, the saturation dives 

accrued over 90% of their risk in the diffusion compartment. 

 
Figure 14: Normalized risk fraction of perfusion and diffusion using the base 

model (PDB) with the full NMRI98 data set.  This graph shows the risk contribution 

from the perfusion and diffusion component from each profile after normalizing by 

the total profile risk.  Triangles indicate saturation profiles in the upper left corner, 

squares are submarine escape exposures in the lower right, and white circles are the 

remainder of the profiles in the data set.  The figure indicates that the saturation 

profiles accumulate the majority of risk in the diffusion compartment whereas the 

submarine escape profiles accumulate the majority of risk in the perfusion 

compartment. 
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 The observed occurrence density function (ODF) of the NMRI98 data set is 

compared to the ODF predicted by the PDB model in Figure 15.  As with our previous 

pharmacokinetic gas content models reported in Chapter 3, the PDB model also predicts 

an ODF with only a single large peak, in contrast with the bimodal distribution in the 

observed ODF.  Table 19 summarizes the best model by weighted AIC for each data 

subset along with the corresponding parameter estimates.  Additionally, Table 19 

presents the 95% confidence intervals for the optimized parameter values.  Parameter 

values for all models and subsets are provided in Appendix A.  The PLB model best 

described the data for the single non-air, surface decompression with oxygen, and 

saturation data subsets.  The PDB model or one of its variants best described the single 

air, repetitive and multilevel air, and oxygen decompression data subsets.  Repetitive 

and multilevel non-air along with all bounce dive data (all data minus the saturation 

profiles) were best described by LEM-NMRI98.  No model emerged as particularly 

superior to any other on single non-air, oxygen decompression, and saturation dives, 

with only a 0.56 AIC weight being allotted to the best performing model.  This does not 

mean the models fit the data poorly, but instead indicates that more than one model 

type fit the data well.  Support for the assertion that all models describe the data well is 

provided in Table 20 which shows all models predicted similar numbers of DCS 

occurrences for each dive type.  Table 21 provides the results of using the best fit 
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parameters from optimization on the full NMRI98 data set to evaluate the bulk PDCS of 

the extrapolation data set. 

 

Figure 15: Occurrence density function (ODF) of the NMRI98 data set and 

predictions from the PDB model.  The bulk of the DCS events occur shortly after 

surfacing.  Negative time values indicate that a DCS event occurred prior to surfacing.  

As with all of the models studied in this paper, the model predictions fail to replicate 

the bimodal post-surface response of the dive trial data. 
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Table 19: Model fit results for dive type subsets using pharmacokinetic gas content models with diffusion.  Each model 

shown in this table had the highest weighted AIC index of each of the models tested against the indicated subset.  The g, k, o, 

PSET, PXO and THR parameters are, respectively the gain, nitrogen rate, oxygen rate, oxygen set point, crossover pressure, and 

threshold parameters. 

Parameter 

value (+/- 

95% CI) 

Single Air 

– PDB 

Repetitive 

and 

Multilevel 

Air – 

PDB_10 

Single 

Non-Air – 

PLB 

Repetitive 

and 

Multilevel 

Non-Air – 

LEM-

NMRI98 

Oxygen 

Decompression 

– PDB_10 

Surface 

Decompression 

with Oxygen – 

PLB 

Saturation 

– PLB 

All Minus 

Saturation 

– LEM-

NMRI98 

g1 
1.61E-03 

(2.01E-03) 

1.85E-03 

(1.44E-03) 

6.57E-04 

(2.61E-04) 

3.67E-04 

(3.82E-04) 2.63E-03 

7.31E-04 

(4.37E-04) 

1.08E-03 

(4.05E-04) 3.63E-03 

g2 
7.64E-04 

(2.31E-04) N/A N/A 

9.83E-07 

(3.30E-05) N/A N/A N/A 

9.62E-05 

(1.27E-04) 

g3 N/A N/A N/A 

1.89E-03 

(1.40E-03) N/A N/A N/A 

1.15E-03 

(1.81E-03) 

k11 
2.28E-01 

(2.45E-01) 

1.19E-01 

(2.01E-01) 

3.59E-03 

(1.55E-03) 

5.00E-02 

(3.13E-02) 1.79E-02 

4.34E-03 

(2.60E-03) 

3.18E-03 

(4.51E-04) 7.01E-01 

k12 N/A 

1.29E-01 

(1.78E-01) N/A N/A 1.23E-02 N/A N/A N/A 

k22 
4.38E-03 

(2.28E-03) 

5.82E-03 

(2.51E-03) N/A 

1.95E-02 

(1.43E-01) 6.19E-03 N/A N/A 

1.55E-02 

(3.34E-03) 

k23 N/A N/A N/A N/A N/A N/A N/A N/A 

k32 N/A N/A N/A N/A N/A N/A N/A N/A 
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k33 N/A N/A N/A 

2.46E-03 

(6.54E-04) N/A N/A N/A 

1.88E-03 

(3.93E-03) 

o22 N/A N/A N/A 

9.17E-02 

(1.48E+00) N/A N/A N/A 

2.67E-02 

(7.18E-03) 

PSET2 N/A N/A N/A 

3.77E-01 

(6.32E+00) N/A N/A N/A 

5.29E-01 

(1.24E-01) 

PXO2 N/A N/A N/A 

6.28E-02 

(4.60E-02) N/A N/A N/A 

7.46E-02 

(5.00E-02) 

THR3 N/A N/A N/A 

1.46E-01 

(7.10E-01) N/A N/A N/A 

9.95E-02 

(2.25E-02) 

Log 

Likelihood -270.09 -183.84 -138.47 -155.64 -112.71 -72.33 -211.98 -941.57 

Weighted 

AIC Index 0.74 0.63 0.56 0.68 0.41 0.60 0.47 0.92 
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Table 20: Number of DCS cases per dive type predicted by each model in Chapter 4.  All models performed similarly for 

each dive data subset at predicting the number of DCS occurrences. The full extrapolation data set results given in parenthesis 

are listed below the all minus Saturation data; there is no saturation data in the extrapolation data set.   In cases where no best fit 

parameters could be found on the full data set, -- is used for the extrapolation results.  When there is no data in the extrapolation 

data set for a dive type -- is also used. 

 DCS PLB PDB PDB_01 PDB_10 PLCCD PDCCD S2LPD LEM-NMRI98 

Single Air 53 52.34 51.50 52.34 52.45 52.56 51.06 52.03 53.02 

Repetitive and Multilevel Air 34 33.91 33.41 33.91 33.80 33.9 33.73 33.95 32.91 

Single Non-Air 25 25.02 25.03 25.02 24.99 25.02 25.00 25.13 24.98 

Repetitive and Multilevel Non-Air 26 24.99 26.26 24.99 25.57 24.49 22.45 27.35 25.97 

Oxygen Decompression 22 22.06 21.53 22.06 21.61 22.05 22.16 21.85 21.97 

Surface Decompression with 

Oxygen 11 11.03 11.20 11.03 11.03 11.01 11.10 10.61 11.04 

Saturation 52 52.33 52.12 52.29 52.32 52.26 51.93 52.24 50.68 

All Minus Saturation 171 

167.9

1 

170.5

9 -- 169.58 171.16 182.3 174.41 170.77 
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Table 21: Number of predicted cases of the best fit models and LEM-NMRI98 calculated using the extrapolation data set.  

PDCCD best predicted the number of cases of DCS in the full extrapolation data set of any model incorporating diffusion that 

was explored, but only just slightly better than PDB.  None of the models performed better than LEM-NMRI98. 

Dive Type Exposures DCS PDB PDB_10 PDCCD S2LPD LEM-NMRI98 

Single Air 1,272 86 48.67 45.18 48.63 48.37 51.46 

Repetitive and Multilevel Air 284 5 15.32 13.82 15.30 15.45 15.74 

Repetitive and Multilevel Non-Air 128 2 12.07 12.53 12.06 12.22 12.41 

Surface Decompression with Oxygen 1,456 54 79.68 79.75 79.64 80.28 85.03 

Total 3,140 147 155.73 151.27 155.63 156.32 164.64 

Pearson  2   N/A N/A 157.88 164.51 157.74 160.94 145.67 
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4.4. Discussion and Conclusions 

LEM-NMRI98’s superiority over PDB is a strong indicator that while PDB better 

describes what happens in individual tissues, it lacks the necessary degrees of freedom 

to describe the accumulation of DCS risk for all dive types.  In addition to the advantage 

provided by having multiple inputs and oxygen as a participating gas, LEM-NMRI98 

also has a threshold term which further improves its fit to the data.  None of the 

pharmacokinetic gas content models performed well enough to warrant the effort of 

including a threshold term at this time.  A logical next step in further exploration of 

pharmacokinetic models would be to increase the number of uncoupled model groups 

or explore the addition of oxygen as a participating gas.  By increasing the number of 

uncoupled model groups, I can tailor model structure to certain dive types, for example.  

A comparison of the risk predictions per profile between the LEM-NMRI98 

model and the PDB model in Figure 16 shows very good agreement between the two 

models with the exception of saturation dives.  For saturation dives, the PDB model 

predicted less risk than LEM-NMRI98 using the best fit parameters trained with the full 

data set.  As seen in Figure 16, there are quite a few dives well above the line of identity 

indicating LEM-NMRI98 predicted a higher risk for them.  This is very similar to the 

results seen when comparing LEM-NMRI98 to CS2T_3 in Chapter 3, adding further 

evidence for the need to have multiple uncoupled functional units, even with the added 

flexibility provided by multi-exponential kinetics.  The saturation dive profiles were best 
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described by the perfusion limited base model indicating that there is no benefit from 

PDB’s multi-exponential kinetics vs. PLB’s mono-exponential kinetics for this dive type.  

The PDB model’s strong agreement with LEM-NMRI98 for other exposures suggests 

that a mixture of pharmacokinetic gas content model types such as PDB and PLB (which 

is the building block used in LEM-NMRI98) may better predict the outcomes of the 

overall data set. 

 

Figure 16: LEM-NMRI98 vs. PDB predicted risks per profile.  This graph 

shows the total integrated predicted risk for each profile by LEM-NMRI98 vs. the 

PDB model’s predicted integrated risk for the corresponding profile [8].  In this 

figure, LEM-NMRI98 has been reoptimized against the NMRI98 data with marginal 

DCS cases treated as non-events.  The PDB model incorrectly predicts a lower risk 

than LEM-NMRI98 for the saturation profiles. 
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Table 21 shows that the pharmacokinetic gas content models with results for the 

full NMRI98 data set performed better than LEM-NMRI98 when evaluating the 

extrapolation data set for predicted number of cases of DCS.  The good overall 

performance by the models incorporating diffusion makes a strong case for the need to 

include a diffusion component in gas content models.  This also provides further 

support for a diffusion component being beneficial in the absence of saturation dive data 

which was not present in the extrapolation data set.  PDB_10 was the best predictor of 

bulk PDCS in the extrapolation data set.  The bulk PDCS predictions from PDB, PDCCD, 

and S2LPD were almost indistinguishable from each other.  All models significantly 

under predicted the risk of single air dives and over predicted the risk of surface 

decompression dives in the extrapolation data set.  Using Pearson’s 
2 after binning the 

data by DAT file showed LEM-NMRI98 to be a far superior predictor of the 

extrapolation data than the models incorporating diffusion.  This is because LEM-

NMRI98 did very poorly on dives using surface decompression with oxygen, but 

performed better on most other dive type than the models incorporating diffusion.   

No single model best described all subsets which makes a strong case for the 

need for mixed functional groups.  The multi-exponential model structures of PDB 

significantly improve the prediction of DCS on single air, repetitive and multilevel air, 

and oxygen decompression dives.  Longer, slower decompression associated with 

saturation diving and surface decompression with oxygen are well described by the 
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traditional mono-exponential model structures.  Even with the removal of the saturation 

data which was fit most poorly by PDB in the full data set, multiple uncoupled 

compartments were still needed to best describe the all minus saturation data subset.   In 

the case of the non-air subsets, oxygen decompression, and surface decompression with 

oxygen data sets, these would likely be improved by including oxygen as a participating 

gas [8] and will be investigated in Chapter 5. 

 The models are consistent with the findings in sheep that a diffusion component 

is needed to best describe inert gas uptake and elimination for many dive types.  

However, none of the pharmacokinetic gas content models best described all of the data 

by itself.  Each pharmacokinetic gas content model form explored here can be thought of 

as conceptually representing a single tissue group.  Models which successfully predicted 

the incidence of decompression sickness using helium and/or nitrogen gas kinetics have 

typically required three tissues.  This, coupled with the fact that while diffusion 

contributed to most dive profiles in the best fit of the full set, but not the subsets is a 

strong indicator that multiple functional groups will be needed for further model 

improvements.  For example, combining a PLB unit with a PDB could cover both 

submarine escape and saturation diving.  Furthermore, the NMRI98 data set includes 

enriched air dives and oxygen decompression data which may require that the model 

consider oxygen as a diffusible gas.  Adding oxygen as a diffusible gas may allow for the 
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diffusion component to better approximate the underlying physiology since each gas 

will diffuse at a different rate. 

Table 22: Summary of parameters and variables used in Chapter 4. 

Parameter/Variable Name Description Units 

γ A function of time used to replace the constants 

during the application of variation of 

parameters while deriving the exact solution. 

-- 

λi Eigenvalue of the ith compartment. N/A 

ϕ A solution to the differential equation used 

while applying variation of parameters. 

N/A 

 2   Pearson’s  2  test statistic. N/A 

cj The jth constant. -- 

F Fraction of blood shunted. N/A 

gi Gain parameter to scale ith compartment. min-1 

kij Rate constants indicating perfusion or diffusion 

rate from the ith to jth compartment. 

min-1 

Pa Arterial inert gas tension. atm 

Pi Inert gas tension in ith compartment. atm 

PT Current tissue tension of inert gas in the 

compartment being calculated or ith 

compartment if subscript i is present. 

atm 

Pv Venous inert gas tension. atm 

PSij Permeability surface area coefficient from 

compartment i to j. 

ml/min 

Qi Blood flow into ith compartment. ml/min 

t Time. min 

i
u   The ith eigenvector. N/A 

Vi Volume of ith compartment. ml 
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5. Oxygen as a Participating Gas in Pharmacokinetic 
Gas Content Models 

5.1. Introduction 

Unlike the inert gases of interest, nitrogen and helium, oxygen is a metabolic gas 

that is consumed by biological tissues.  Previously, it has been shown that when 

attempting to predict the incidence and onset time of DCS it is beneficial to treat oxygen 

as an inert gas despite the body’s ability to metabolize it [8]. Due to the body’s 

metabolism of oxygen, it is only necessary to treat it as an inert gas above a certain gas 

tension at which the quantity of oxygen exceeds the body’s consumption [8, 19].  

Oxygen is commonly used to accelerate decompression, reduce the risk of DCS, and 

treat DCS [12, 73, 97].  Increased oxygen content in gas provides benefits both from the 

displacement of inert gas and the metabolic properties of oxygen [98-100]. 

Due to the body metabolizing oxygen, some decompression can occur without 

causing a state of supersaturation so long as the metabolic rate exceeds the amount of 

gas exiting solution.  This phenomenon referred to as the “oxygen window” or “partial 

pressure vacancy” and is the mechanism responsible for bubble resolution in vivo [98, 

101].  While carbon dioxide is produced at an almost equal rate to the consumption of 

oxygen, it is approximately 21 times more soluble than oxygen in blood [59].  The high 

solubility of carbon dioxide allows a pressure differential to form between gaseous 

bubbles and the surrounding tissue under isobaric conditions.  However, breathing 

increased partial pressures of oxygen has been shown to cause vasoconstriction and by 
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extension reduce perfusion to tissues [102].  This in turn leads to a reduction in nitrogen 

elimination [103].  Both of these factors must be taken into consideration when adding 

oxygen into a model of the gas content and/or bubble volume which lead to DCS.  

Oxygen as a contributor to the gas supersaturation in a tissue has been previously 

investigated and implemented with a model using a “PSET” value above which there is 

excess oxygen (that is not metabolized) which contributes to tissue supersaturation [8, 

44, 104]. 

In this chapter I explore a more physiologically accurate mechanism for 

incorporating oxygen in to gas content models as a participating gas and test its effect on 

pharmacokinetic gas content models.  Instead of using a PSET above which oxygen is 

treated as an addition to the inert gas burden, I define a sink term in each compartment 

which allows for the consumption of oxygen.  This not only allows for oxygen to add to 

the inert gas burden, but it also allows for faster elimination of oxygen than if it were 

just washed in and out with exponential kinetics.  In the future, this mechanism can be 

easily augmented to allow for the incorporation of exercise effects into gas content 

models.  This would be done by scaling the sink term in accordance with exercise 

intensity.  I found that in the case of pharmacokinetic gas content models, the additional 

complexity of including oxygen is not warranted.  This clearly indicates that the need to 

include oxygen as a participating gas is as much a factor of model structure as it is of 

actual physiological contributions of oxygen to compartmental gas supersaturations.  
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This does not, however, tell us anything about whether or not oxygen must be treated as 

a participating gas when incorporating exercise effects. 

5.2. Methods 

CS2T_3, CS2T, PDB, and PDB_10, the four best performing functional units from 

Chapters 3 and 4, were examined.  Each of these models performed best on at least one 

subset of the NMRI98 data described in Chapter 1.1.  These were chosen as the four best 

functional units based on their performance relative to each other, not to LEM-NMRI98 

(described in Chapter 2.2.2).  In this chapter, I will incorporate oxygen into each model 

and evaluate them against each other and LEM-NMRI98.  All variables for all equations 

used in this chapter are defined in Table 26. 

5.2.1. Data 

The models were trained on the NMRI98 data [8] described in Chapter 1.1.  

These data consist of 4,335 exposures executed with 1,304 unique profiles during which 

223 cases of DCS occurred. They were used because of the inclusion of additional 

profiles performed with high oxygen content breathing gases.  In addition, the oxygen 

decompression (O2D) and surface decompression with oxygen (SurDO2) subsets of the 

NMRI98 data were used.  The O2D subset consists of 586 exposures distributed over 184 

profiles during which 22 incidents of DCS occurred.  SurDO2 contains 11 incidents of 

DCS that occurred during 427 exposures executed against 82 profiles.  The O2D and 
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SurDO2 subsets were used to assess the performance of the oxygen sink term directly 

against data which should cause it to have the most impact. 

The extrapolation data described in Chapter 1.1 was used to evaluate model 

performance.  The extrapolation data does not contain any oxygen decompression data.  

However, it does contain 1,456 surface decompression exposures.  These exposures use 

630 profiles and include 54 cases of DCS.  The full extrapolation data set contains 3,140 

exposures spread across 1,198 profiles during which 147 full DCS cases occurred. 

5.2.2. Derivation of Model Equations 

Incorporation of oxygen first requires that each equation for the models be 

duplicated once for values of nitrogen and once for values of oxygen.  Next, a sink term 

was added to every compartment of each model.  The nitrogen and oxygen equations 

are independent and can be solved separately.  For ease of implementation the equations 

were combined into a single system of equations to leverage existing software.  The sink 

term is applied to the input oxygen concentration.  This forces the input vector to 

become model specific, necessitating its inclusion as a free fitted parameter. 

Due to the small number of models being examined, only the numerical solution 

was implemented to the models incorporating oxygen as a participating gas.  Likewise, 

it was unnecessary to solve for the optimal gain values, so they remain as free 

parameters.  The numerical solution used is described in detail in Chapter 3.2.3.1.  As 

with the work on the base pharmacokinetic gas content models, 32 solutions were found 
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for each model with initial parameters drawn randomly from normal distributions.  To 

facilitate the incorporation of oxygen, the instantaneous risk definition (Chapter 1.3, 

equation (3)) had to be modified to incorporate oxygen.  Prior to the application of the 

gain parameter, all inert gases in each compartment must be summed, 
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where PB is ambient pressure, PFVG are the fixed metabolic gases, PT is the tissue tension, i 

is the index of the compartment, and j is the index of the inert gas.  The inert gases 

summed are nitrogen and oxygen.  Below, each model investigated is described along 

with its relevant equations and parameters.  Parameters describing oxygen are 

numbered sequentially after all nitrogen parameters have been enumerated. 

5.2.3. CS2T_O2/CS2T_3O2 

 

Figure 17: CS2T_O2/CS2T_3O2 model schematic.  Xs indicate compartments 

which always contribute to the risk prediction and Os indicate compartments which 

may or may not contribute to the risk prediction depending upon the model 

configuration.  All compartments are well stirred, which is indicated by the propeller 

icons. 
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 The oxygen equations are identical to the model’s original equations with the 

exception of the sink term, s.   
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P indicates the tissue tension of inert gas.  Subscripts indicate the compartments to 

which the partial pressures belong and a indicates the arterial input tension.  When 

representing oxygen, a subscript O is added to the term.  Oxygen is consumed at a 

uniform rate.  Next, the equations were simplified by combining variables into the 

following rate constants and sink terms. 
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Which in turn, are used to formulate the linear system as follows, 
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where a dot above the variable indicates a first time derivative.  In addition, two gain 

parameters are needed for CS2T_O2 and three gain parameters are needed CS2T_3O2. 

5.2.4. PDB_O2/PDB_10O2 

 

Figure 18: PDB_O2/PDB_10O2 model schematic.  Os indicate compartments 

which may or may not contribute to the risk prediction depending upon the model 

configuration.  PDB_10O2 does not accumulate risk from the satellite compartment; 

risk is only accumulated in the compartment with perfusion.  Diffusion is assumed to 

be bidirectional at equal rates for each gas.  All compartments are well stirred, which, 

is indicated by the propeller icons. 

As with CS2T_O2 and CS2T_3O2, the equations for PDB_O2 and PDB_10O2 are 

the same as for their counterparts without oxygen.  A second set of equations must be 

solved for oxygen with a sink term, s, added to account for metabolic oxygen 

consumption.   
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Parameters are combined as follows, 
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These parameters allow us to formulate the following system of equations. 
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Two gain parameters are required for the PDB model the second of which is optional if 

the diffusion compartment does not bear risk. 

5.3. Results 

The best fit parameters after calibration with the full NMRI98 data set along with 

their 95% confidence intervals, log likelihoods, and weighted AIC index (described in 

Chapter 1.3.3) with and without LEM-NMRI98 included for comparison are provided in 
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Table 23.  No model outperformed LEM-NMRI98 by weighted AIC index and no oxygen 

model outperformed any of the reference models by weighted AIC index.  Initially the 

tissue tension of oxygen was not clamped to be greater than or equal to zero.  With the 

tissue tension of oxygen left unrestricted, there were no solutions found for the PDB_10 

model.  The tissue tension of oxygen was to found to frequently become negative as a 

result of large oxygen sink terms, these results are provided in Appendix B.  Allowing 

the tissue tension of oxygen to become negative does not make sense physiologically 

and was hence clamped to be greater than or equal to zero in the results presented in 

this section.  PDB_10 was not explored with clamped oxygen since there were no 

solutions to the less restricted version.  Predicted bulk PDCS for the full NMRI98 data 

set and each of its subsets are described in Table 24.  Results of all oxygen models 

explored and their oxygen free counterparts are described in Table 25 along with the 

corresponding Pearson Х
2
 metric for each model. 
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Table 23: Full data set model fit results for pharmacokinetic gas content models including oxygen as a participating gas.  

The weighted AIC index indicates better model description of the data relative to the other models if the value is close to 1.  Best 

fit parameters after training with the full NMRI98 data set are repoarted where gi parameters are gains and kij parameters are rate 

constants. The i and j subscripts on the rate constants indicates perfusion from the ith to the jth compartment.  The 95% confidence 

intervals are shown in parenthesis below each parameter.  If the interval is not shown, it could not be calculated.  The PDB_10O2 

model is not included because it is incapable of describing the full model set without model failure when the tissue tension of 

oxygen is left unrestricted.  Model failure occurs when there is a model-predicted 0% chance of DCS for a profile during which 

DCS occurred which makes the log likelihood negatively infinite. 

Parameter value (+/- 95% 

CI) 
CS2T CS2T_3 PDB CS2T_O2 CS2T3_O2 PDB_O2 LEM-NMRI98 

g1 N/A 
7.22E-03 

(7.41E-03) 

2.19E-03 

(2.12E-03) 
N/A 

1.12E-03 

(1.60E-03) 

2.25E-03 

(2.03E-03) 

2.99E-03 

(3.54E-03) 

g2 
3.58E-03 

(3.82E-03) 

8.83E-05 

(1.07E-04) 

7.00E-04 

(1.14E-04) 

6.12E-04 

 

1.52E-04 

(5.59E-04) 

6.98E-04 

(1.11E-04) 

1.57E-04 

(6.20E-05) 

g3 
7.01E-04 

(1.08E-04) 

6.17E-04 

(1.19E-04) 
N/A 

5.25E-04 

 

5.99E-04 

(2.73E-04) 
N/A 

8.62E-04 

(2.88E-04) 

k11 
9.50E-01 

(9.12E-01) 

9.85E-01 

(5.68E-01) 

3.08E-01 

(2.04E-01) 

5.87E-01 

 

1.98E-04 

(3.31E-01) 

3.07E-01 

(1.82E-01) 

5.96E-01 

(4.15E-01) 

k12 N/A N/A 
6.44E-02 

(5.68E-02) 
N/A N/A 

6.47E-02 

(4.58E-02) 
N/A 

k13 
1.90E-01 

(1.72E-01) 

2.59E-02 

(1.58E-01) 
N/A 

3.42E-01 

 

7.47E-02 

(6.11E-02) 
N/A N/A 

k22 
1.05E+00 

(1.13E+00) 

3.68E-02 

(3.22E-02) 

4.02E-03 

(5.15E-04) 

6.50E-02 

 

1.60E-01 

(4.44E-01) 

4.02E-03 

(4.38E-04) 

1.02E-02 

(2.31E-03) 

k33 
3.99E-03 

(3.46E-04) 

3.35E-03 

(7.19E-04) 
N/A 

4.86E-03 

 

4.53E-03 

(1.94E-03) 

3.64E-01 

(0) 

1.95E-03 

(2.61E-04) 
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k34 N/A N/A N/A N/A N/A 
1.17E-00 

(0) 
N/A 

k44 N/A N/A N/A 
2.05E-01 

 

1.14E-01 

(9.41E-02) 

5.70E-01 

(0) 
N/A 

k46 N/A N/A N/A 
1.96E-01 

 

4.94E-02 

(6.49E-02) 
N/A N/A 

k55 N/A N/A N/A 
2.94E-02 

 

1.52E-01 

(7.80E-01) 
N/A 

2.86E-02 

(8.39E-03) 

k66 N/A N/A N/A 
4.90E-02 

 

1.05E-01 

(5.79E-02) 
N/A N/A 

s1 N/A N/A N/A 
1.44E-01 

 

2.79E-02 

(7.14E-02) 

1.80E+01 

(0) 
N/A 

s2 N/A N/A N/A 
7.42E-04 

 

1.30E-02 

(7.07E-02) 

1.35E+01 

(0) 
N/A 

s3 N/A N/A N/A 
1.08E-02 

 

9.60E-02 

(5.30E-02) 
N/A N/A 

PSET2 N/A N/A N/A N/A N/A N/A 
8.46E-01 

(2.27E-02) 

PXO2 N/A N/A N/A N/A N/A N/A 
1.07E-01 

(3.26E-02) 

THR3 N/A N/A N/A N/A N/A N/A 
9.70E-02 

(2.69E-02) 

Log Likelihood -1169.27 -1167.67 -1169.85 -1171.56 -1167.54 -1169.88 -1152.78 

Weighted AIC Index 3.84E-06 6.98E-06 5.82E-06 3.43E-10 6.98E-09 3.76E-08 1.00E-00 

Weighted AIC Index no 

LEM-NMRI98 
2.30E-01 4.19E-01 3.49E-01 2.05E-05 4.18E-04 2.25E-03 N/A 
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Table 24: Bulk PDCS predicted by each model.  The bulk PDCS predicted by each model for the full NMRI98 data set and 

eight subsets of it are presented.   

Data Set DCS CS2T CS2T_3 PDB CS2T_O2 CS2T_3O2 PDB_O2 LEM-NMRI98 

Full Set 223 222.75 223.27 223.12 223.45 223.14 223.09 223.24 

Single Air 53 46.64 46.25 51.50 44.59 45.61 46.49 43.72 

Repetitive and Multilevel 

Air 
34 48.28 40.86 33.41 40.91 40.88 42.25 38.39 

Single Non-Air 25 29.95 29.65 25.03 28.35 29.16 29.90 26.50 

Repetitive and Multilevel 

Non-Air 
26 36.23 35.86 26.26 37.44 36.67 36.77 29.80 

Oxygen Decompression 22 21.70 22.14 21.53 21.89 23.51 21.65 19.88 

Surface Decompression with 

Oxygen 
11 12.14 12.64 11.20 12.94 13.62 12.10 11.93 

Saturation 52 33.81 35.84 52.12 37.34 33.68 33.92 52.98 

All Minus Saturation 171 188.84 187.42 170.59 186.12 189.46 189.17 170.25 
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Table 25: Predicted number of cases of DCS by each model included in Chapter 5.  Using Pearson  2  test statistic for 

comparison shows that none of the models incorporating oxygen as a participating gas were the best descriptor of the 

extrapolation data.  CS2T_O2 performed markedly better than CS2T3_O2 and PDB_O2.  CS2T_O2’s improved performance 

relative to CS2T3_O2 and PDB_O2 is due to its improved performance on the single air dive type data. 

Dive Type Exposures DCS CS2T CS2T_3 PDB CS2T_O2 CS2T3_O2 PDB_O2 
LEM-

NMRI98 

Single Air 1,272 86 48.34 47.16 48.67 47.44 48.01 48.86 51.47 

Repetitive and 

Multilevel Air 
284 5 15.44 15.34 15.32 14.63 14.71 15.40 15.74 

Repetitive and 

Multilevel Non-Air 
128 2 12.25 11.66 12.07 11.86 12.19 12.09 12.40 

Surface Decompression 

with Oxygen 
1,456 54 80.24 77.99 79.68 76.13 83.54 79.82 80.03 

Total 3,140 147 156.27 152.2 155.73 150.06 158.45 156.17 164.64 

Pearson  2   N/A N/A 161.12 164.26 157.88 156.66 163.18 157.52 145.67 
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5.4. Discussion and Conclusions 

None of the models incorporating oxygen as a participating gas performed better 

than LEM-NMRI98 or their counterparts that do not include oxygen as a participating 

gas.  In Chapter 2 we determined that the inclusion of oxygen as a participating gas was 

statistically justified for the LEM model when optimized with the NMRI98 data set.  

Oxygen not being needed in the pharmacokinetic gas content models explored in this 

chapter suggests that the need for oxygen is dependent upon the manner and 

arrangement of the model compartments, not just the data.  The PDB_O2 model’s best 

fit parameters assigned very large values to the oxygen sink term effectively excluding 

oxygen from being a participating gas.  This also explains the non-existent confidence 

intervals for the parameters controlling oxygen in the PDB_O2 model.  CS2T_O2 and 

CS2T3_O2 both incorporated oxygen, but failed to glean any significant improvement 

over CS2T and CS2T_3.  There were no significant differences between the predictions 

of bulk PDCS for any data subset between the models with and without oxygen as 

shown in Table 24. 

The models incorporating oxygen as a participating gas failed to outperform LEM-

NMRI98 on the extrapolation data set.  Both CS2T_O2 and CS2T3_O2 performed slightly 

better than CS2T and CS2T_3 respectively on the extrapolation data set based upon the 

Pearson Х
2
 test statistic.  PDB_O2 performed almost identically to PDB on the 

extrapolation data set by the same metric.  While the inclusion of oxygen as a 



 

131 

participating gas was not warranted for pharmacokinetic gas content models, this does 

not preclude the possibility that oxygen could become an important factor if exercise 

data were included.  Exercise has a significant impact on the body’s oxygen 

consumption and could cause oxygen to become an important factor in pharmacokinetic 

gas content models.  

Table 26: Definitions and units for variables in Chapter 5 

Parameter/Name Description Units 

σi Sink term divided by volume in the ith compartment. min-1 

 2   Pearson’s  2  test statistic. N/A 

gi Compartmental gain for the ith compartment. N/A 

kij Tissue rate constant between compartments i and j. min-1 

Pi Tissue tension of the ith compartment. Atm 

PB Ambient hydrostatic pressure. Atm 

PFVG Fixed pressure of metabolic gases (0.1917 atm). Atm 

POa Arterial oxygen tension. Atm 

POi Tissue tension of oxygen in the ith compartment. Atm 

PNa Arterial nitrogen tension. Atm 

PSij Permeability surface area coefficient from compartment i 

to j. 

ml/min 

PSOij Permeability surface area coefficient for oxygen from 

compartment i to j. 

ml/min 

ji
T

P   Tissue tension of the jth gas in the ith compartment. Atm 

ri Instantaneous risk in the ith compartment. Atm 

si Sink term in the ith compartment. ml/min 

t Time. Min 

Qi Blood flow to the ith compartment. ml/min 

Vi Volume of the ith compartment. Ml 
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6. Mixed Pharmacokinetic Models and Combined 
Analysis of Pharmacokinetic Models 

6.1. Introduction 

In Chapters 3 and 4, I introduced pharmacokinetic gas content models based 

upon experimental work in sheep [82, 83] as predictors of the incidence and onset time 

of DCS in humans.  These models consist of coupled perfusion and/or diffusion limited 

compartments.  While none of these models were a better individual descriptor of the 

full NMRI98 data set [8, 17, 18] than LEM-NMRI98 [8, 19], they did perform better on 

most of the data subsets than LEM-NMRI98.  LEM-NMRI98 is comprised of three 

parallel uncoupled perfusion limited compartments.  The pharmacokinetic gas content 

models examined in this work have been limited to a single arterial input. 

In this chapter, I examine pharmacokinetic gas content models with multiple 

arterial inputs.  A single pharmacokinetic gas content model described in Chapters 3 and 

4 will be referred to as functional unit in this Chapter.  Functional units each have a 

single arterial input and venous output eliminating LEM-NMRI98 from consideration as 

a functional unit.  These models were designed to incorporate both multiple copies of 

the same functional group like LEM-NMRI98 and different functional groups to attempt 

to cover all of the dive data subtypes.  Each of the new combined models will be 

compared to the best models as selected by weighted AIC index in Chapters 3 and 4 as 

well as LEM-NMRI98. 
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6.2. Methods 

Four new models were derived, implemented, and optimized: PDB_PLB, PDBX2, 

CS2T3_PLB, and CS2T3_PDB.  These new models were compared to CS2T_3, PDB, and 

PLB using weighted AIC index as described in Chapter 1.3.3.  LEM-NMRI98 was also 

used for comparison as it is consistently one of the best predictors of the NMRI98 data 

(see Chapters 2-5).  None of the models incorporating oxygen as a participating gas, 

described in Chapter 5, performed sufficiently well to warrant inclusion.  Model 

optimization was completed using the Nelder-Mead algorithm following the procedures 

outlined in Chapter 1.3.2 with an improvement in the selection of initial parameter 

guesses described in Section 6.2.1. Compartmental gains were left as free parameters 

instead of being calculated analytically. 

6.2.1. Improvement to Selection of Initial Parameters 

Statistical model failure occurs when a model predicts no chance of DCS 

occurring during a profile which is known to have produced an outcome of DCS.  In the 

event of a best optimized parameter set with statistical model failure, the parameter set 

is rejected and optimization is restarted.  During the optimization of the mixed 

pharmacokinetic gas content models for each initial set of parameters, I evaluated the 

probability of DCS for each profile known to have resulted in DCS.  In the event of a 

prediction of no-DCS on any of these profiles, the parameters were discarded and a new 

set was selected.  The number of profiles during which DCS occurred is small (223) 
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compared to the full data set (1,304) making the overhead of the test relatively low.  

Discarding parameters which start out causing statistical model failure targets the 

optimizations to regions of the parameter space more likely to produce viable solutions.   

6.2.2. Data 

The NMRI98 data was used for model optimization and evaluation.  The data 

includes 223 cases of full DCS.  All marginal DCS events were weighted as 0.0 in 

accordance with recent work showing that they bias the optimization toward saturation 

diving [1] and the findings of Chapter 2 showing the quality of model fit is improved by 

the 0.0 weighting.  The NMRI98 data set contains 4,335 exposures executed using 1,304 

dive profiles.  Only the full NMRI98 data set was explored, subsets of the NMRI98 data 

set and extrapolation data sets were not used as part of this investigation. 

6.2.3. Models 

Multiple functional units were incorporated by summing the integrated hazard 

function as shown in equation (1).  This is the same method as used to combine the 

multiple independent compartments in the LEM model.  No threshold terms were 

considered except for when using the LEM-NMRI98 model.  Each functional unit can be 

solved independently of the other functional units in a given model.  I posed each 

combination of functional units investigated as a single large linear system to facilitate 

reuse of existing code.  Numerical integration was used as described in Chapter 3.2.3.1. 
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6.2.3.1. PDB_PLB 

PDB_PLB consists of a single PDB functional unit and a single PLB functional 

unit.   Figure 19 provides a schematic diagram of PDB_PLB along with how the 

compartments are numbered for the differential equations. 

 

Figure 19: Schematic diagram of PDB_PLB.  The arrows indicate blood flow, 

arrows crossing solid lines indicate diffusion.  Propellers indicate a compartment is 

well stirred. 

This requires a total of three ordinary differential equations.  Two of the equations are 

coupled and one is uncoupled, 
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Vi is the volume of the ith compartment, Pi is the tissue tension of the ith tissue PSi is the 

diffusion rate of the ith compartment, Pai is the arterial input to the ith compartment.  I 

assume that diffusion is bidirectional and occurs at a uniform rate implying PS1 equals 
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PS2.  Qi is the blood flow to the ith compartment. Variables are combined into rate 

constants as follows: 
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I can then write our system of equations as  
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which is equivalent to equation (41) solved in Chapter 3.2.3.1.  One gain parameter g is 

used for each compartment. 

6.2.3.2. PDBX2 

PDBX2 is comprised of two copies of the PDB functional unit used in parallel as 

shown in Figure 20. 
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Figure 20: Schematic diagram of PDBX2.  The arrows indicate blood flow, 

arrows crossing solid lines indicate diffusion.  Propellers indicate a compartment is 

well stirred. 

These two pairs of coupled ordinary differential equations describe PDBX2,  
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The variables are the same as defined above and four compartmental gain terms, one for 

each compartment, are required.  I assume diffusion is bidirectional and has a uniform 

rate in each functional unit (PS1 = PS2 and PS3 = PS4).  The variables are combined into 

rate constants as follows, 
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The system of equations is then written in matrix notation for solution by numeric 

integration 
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6.2.3.3. CS2T3_PLB 

The CS2T3_PLB model combines the model that best fit single air dives and the 

model that best fit saturation dives in Chapter 3.  Figure 21 provides a schematic 

diagram of the combined functional units. 
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Figure 21: Schematic diagram of CS2T3_PLB.  The arrows indicate blood flow.  

Propellers indicate a compartment is well stirred. 

The systems of ordinary differential equations that describes CS2T3_PLB consists of 

three coupled equations and one uncoupled equation, 
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I define the rate constants as, 
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The final linear system solved is,  
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6.2.3.4. CS2T3_PDB 

The CS2T3_PDB pictured in Figure 22 is the most complex model investigated 

this chapter. 

 

Figure 22: Schematic diagram of CS2T3_PDB.  The arrows indicate blood flow, 

arrows crossing solid lines indicate diffusion.  Propellers indicate a compartment is 

well stirred. 

A system of five ordinary differential equation are required to describe CS2T3_PDB.  

These equations are a set of three coupled equations along with an additional two 

coupled equations as seen below. 
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After assuming bidirectional diffusion at a uniform rate, the rate constants are 
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The final form of the linear system used is 
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6.3. Results 

Table 27 compares optimization results from the mixed pharmacokinetic models 

against LEM-NMRI98 (optimized with marginal DCS events weighted as 0.0) from 

Chapter 2, CS2T_3 from Chapter 3, and PDB from Chapter 4.  Comparing all models by 

weighted AIC index shows LEM-NMRI98 is the best descriptor of the full data set.  

Excluding LEM-NMRI98 from the comparison due to it having the most functional 

groups of any model examined shows that CS2T_3 and PDB describe the NMRI98 data 

set almost as well as each other, with CS2T_3 having slightly better performance.  None 

of the mixed pharmacokinetic models well described the data by weighted AIC index.  

PDB_PLB performed the best of the mixed pharmacokinetic models.  Figure 23 shows 

the normalized risk contribution from each functional group in the PDB_PLB model. 
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Table 27: Optimized parameters with 95% confidence intervals using the NMRI98 data set for parameter optimization.  I 

examine models from the previous chapters (CS2T_3, PDB, LEM-NMRI98) in comparison to the combined functional group 

models introduced in this chapter.  Parameters without confidence intervals indicate that no interval was able to be calculated for 

that parameter. 

Parameter value 

(+/- 95% CI) 
PDB_PLB CS2T3_PLB PDBX2 CS2T3_PDB CS2T_3 PDB LEM-NMRI98 

gl 
2.14E-03 

(8.07E-03) 

1.83E-03 

(1.06E-02) 
1.66E-03 9.40E-04 

7.22E-03 

(7.41E-03) 

2.19E-03 

(2.12E-03) 

2.99E-03 

(3.54E-03) 

g2 
7.26E-04 

(1.14E-04) 

1.57E-04 

(7.42E-03) 
3.27E-04 2.51E-04 

8.83E-05 

(1.07E-04) 

7.00E-04 

(1.14E-04) 

1.57E-04 

(6.20E-05) 

g3 
1.39E-03 

(4.02E-03) 

5.26E-04 

(6.97E-03) 
9.77E-05 2.13E-05 

6.17E-04 

(1.19E-04) 
N/A 

8.62E-04 

(2.88E-04) 

g4 N/A 
5.72E-05 

(1.03E-04) 
6.32E-04 1.49E-06 N/A N/A N/A 

g5 N/A N/A N/A 2.38E-04 N/A N/A N/A 

k11 
5.57E-01 

(9.75E-01) 

3.09E-01 

(1.79) 
6.54E-01 8.47E-02 

9.85E-01 

(5.68E-01) 

3.08E-01 

(2.04E-01) 

5.96E-01 

(4.15E-01) 

k12 
1.16E-01 

(1.91E-01) 
N/A 1.32E-01 N/A N/A 

6.44E-02 

(5.68E-02) 
N/A 

k13 N/A 
6.57E-03 

(2.29E-01) 
N/A 6.56E-02 

2.59E-02 

(1.58E-01) 
N/A N/A 

k22 
4.03E-03 

(5.50E-04) 

3.24E-03 

(2.99E-03) 
4.52E-01 5.98E-03 

3.68E-02 

(3.22E-02) 

4.02E-03 

(5.15E-04) 

1.02E-02 

(2.31E-03) 

k33 
5.42E-01 

(9.74E-01) 

6.14E-02 

(3.76E-01) 
7.80E-03 8.48E-03 

3.35E-03 

(7.19E-04) 
N/A 

1.95E-03 

(2.61E-04) 

k34 N/A N/A 3.76E-01 N/A N/A N/A N/A 



 

 

144 

k44 N/A 
3.12E-02 

(3.58E-02) 
2.84E-01 4.75E-02 N/A N/A N/A 

k45 N/A N/A N/A 2.85E-02 N/A N/A N/A 

k55 N/A N/A N/A 1.31E-02 N/A N/A N/A 

o22 N/A N/A N/A N/A N/A N/A 
2.86E-02 

(8.39E-03) 

PSET2 N/A N/A N/A N/A N/A N/A 
8.46E-01 

(2.27E-02) 

PXO2 N/A N/A N/A N/A N/A N/A 
1.07E-01 

(3.26E-02) 

THR3 N/A N/A N/A N/A N/A N/A 
9.70E-02 

(2.69E-02) 

Log Likelihood -1169.94 -1169.36 -1171.00 -1171.22 -1167.67 -1169.85 -1152.78 

Weighted AIC 

Index 
7.2E-07 1.73E-07 1.23E-08 1.32E-09 6.98E-06 5.85E-06 9.99E-01 

Weighted AIC 

Index Excluding 

LEM 

5.24E-02 1.26E-02 8.92E-04 9.58E-05 5.08E-01 4.26E-01 N/A 
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Figure 23: Risk contribution per functional group normalized by total risk 

contribution for the PDB_PLB model.  The risk contribution from the PDB functional 

group is plotted on the x-axis and the PLB functional group on the y-axis.  PDB is 

composed of two risk bearing compartments whose contributions are summed prior 

to being normalized.  The NMRI98 data set is broken into two dive data subsets 

saturation dives and all other dive data.  Saturation dive data were expected to 

accumulate their risk primarily from the PLB functional group, they do not. 

 

6.4. Discussion and Conclusions 

The failure of the mixed pharmacokinetic models to outperform CS2T_3 or PDB 

can be clearly explained by Figure 23.  Saturation dives were almost exclusively 

described by the PDB functional group of the PDB_PLB model.  In Table 15 of Chapter 3 

and Table 19 of Chapter 4 it was shown that a single PLB functional group best describes 

the saturation dive data subset.  The best fit parameters found by numerical 
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optimization incorrectly place all of the risk from saturation dives on the PDB functional 

group and distribute the risk from all other dives between the PDB and PLB functional 

groups.  This finding is not entirely unexpected since there is currently no mechanism in 

place to force the risk from various dive types to segregate between functional groups. 

 

Table 28: Definitions and units for variables in Chapter 6. 

Parameter/Variable Name Description Units 

kij Rate constant between the i and jth 

compartment. 

min-1 

Pi Tissue tension of the ith compartment. atm 

i
P   First derivative of the tissue tension in the ith 

compartment with respect to time. 

atm/min 

Pai Arterial input tension of inert gas in the ith 

compartment. 

atm 

PSi Diffusion coefficient in the ith compartment. atm 

Qi Blood flow in the ith compartment. ml/min 

t Time. min 

Vi Tissue volume. ml 
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7. Optimal Decompression Schedule Generation 

7.1. Introduction 

Wrist worn dive computers provide real-time decompression guidance to the 

diver.  The dive computer records time since the diver left the surface, depth/pressure, 

and inspired gas [105].  Using this information as the input to a decompression 

algorithm, the computer provides either the remaining no-stop time to the diver or a 

series of staged decompression stops.  Each decompression stop is an iso-baric hold, 

where the diver remains at a constant depth for a duration specified by the dive 

computer.  In the case of a deterministic decompression algorithm the decompression 

stops are designed to return the diver to the surface without DCS occurring [106].  

Probabilistic decompression algorithms generate decompression stops designed to 

return the diver to the surface with the specified probability of DCS occurring. 

The advantages of real-time decompression guidance include reducing 

decompression time by accurately tracking pressure throughout the dive rather than 

assuming the entire dive occurs at the maximum pressure experienced by the diver, 

accommodating deviations from the dive plan if needed, and reducing decompression 

time if the dive is ended prematurely [107].  Real-time decompression guidance was first 

implemented by the USN for special warfare [108].  Since then, the potential benefits of 

real-time decompression guidance have been established for ships husbandry diving 

and commercial diving [105, 107, 109].  All of the current dive computer models in the 
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field for commercial, military, and recreational diving provide real-time decompression 

guidance based upon deterministic algorithms [105, 106, 110]. 

Significant progress has been made toward creating a probabilistic 

decompression algorithm which calculates an optimal ascent schedule [64].  I define an 

optimal ascent schedule as one which allows the diver to ascend using only the gases 

available to them, without exceeding the target probability of decompression sickness 

(PDCS), or maximum ascent rate in the shortest time possible.  When using probabilistic 

algorithms, there may be multiple optimal schedules for a given dive.  Prior attempts at 

creating a probabilistic algorithm that would run in real-time used search based 

algorithms [71] and were deemed too computationally expensive [108] for 

implementation in a wrist worn device.  Recently, control theory has been applied to 

schedule generation from a deterministic algorithm [111].  However, after applying non-

linear programming and barrier functions the procedure was still too slow and 

compromises in the quality of schedule had to be made [112, 113].  In this work I will 

present a method for directly calculating an optimal schedule, reducing the required 

computation time. 

7.2. Methods 

First, the prior methods of schedule generation developed by the USN will be 

reviewed.  These methods include brute force, a two phase search, and a real-time 

search method.  Following description of the prior methods, I will then introduce a 
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novel technique for schedule generation.  Significant work remains to be completed on 

this new method, but I can present a clear outline of the underlying ideas. 

7.2.1. Prior Schedule Generation Methods 

7.2.1.1. Exhaustive Search Procedure (Brute Force) 

The exhaustive search procedure tries every possible ascent path subject to three 

constraints [64]: stop time resolution, stop depth increment, and ascent rate.  The 

constraints are assigned values of 1 minute, 10 FSW, and 60 feet per minute respectively 

by Weathersby et al.  Every possible schedule is then examined and the shortest schedule 

adhering to the constraints, that comes as close as possible to the target PDCS without 

exceeding it, is selected.  Weathersby et al [64] provided the example of a dive to 150 feet 

sea water (FSW) with 60 minutes of bottom time and a total decompression time for 200 

minutes.  In this example, 10,626 schedules have to be evaluated.  The time needed to 

calculate such a large number of schedules will exceed time limits for real-time 

computation for most, if not all, probabilistic models. 

7.2.1.2. Two Phase Search Method 

The two phase search method, also referred to as the optimizing search method, 

was first described by Weathersby et al [64] and is the current method in use for 

generating probabilistic decompression schedules.  The optimizing search method does 

not guarantee a global optimum, but it runs in one-one hundredth to one-one 

thousandth of the time needed for an exhaustive search to complete.  Decompression 



 

150 

stops are spaced in 10 foot increments and stop time may only be increased or decreased 

in one minute increments.  The inner search outlined in Figure 24 finds the minimum 

risk for a given total decompression time (TDT) and number of stops.  The number of 

decompression stops must also be specified prior to the search beginning.  The external 

search described by Figure 25 finds the TDT required to achieve the target PDCS.  In the 

original specification, the TDT was to be initialized to the value of the TDT for the 

corresponding dive in the USN Dive Manual [13].  For comparison to our schedule 

generation method described below, I used the TDT from the USN Thalmann Algorithm 

dive planner version 4.03 [114] with the VVAL-79 maximum permissible tissue tensions 

[37, 79] to generate our starting TDT values.  Further detail and examples can be found 

in the original publication describing the two phase search [64].   
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Figure 24: The inner search is responsible for optimizing the placement of 

decompression time between the available decompression stops. 
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Figure 25: The external search is responsible for optimizing the total 

decompression time. 
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7.2.1.3. USN Real-Time Search Algorithm 

The real-time search algorithm [71] was designed as a compromise between 

finding a suitable decompression schedule and the computational capabilities of wrist 

worn computers.  It does not seek to find an optimal schedule.  The key assumption for 

the real-time search algorithm is that once an acceptable schedule is found, future 

acceptable schedules will be near the current solution.  Decompression stops are spaced 

in 10 foot increments.  Decompression time at a stop is always incremented 5 minutes at 

a time instead of 1 minute as in the exhaustive and two phase searches.  Figure 26 

describes the real-time search procedure for use with probabilistic decompression 

algorithms.  There are two special cases which can occur during execution of the real-

time search algorithm.  The first, W1, occurs when the addition of five minutes of 

decompression time results in a schedule with a higher PDCS than the previous 

schedule.  In this case the new schedule with the higher PDCS should be discarded in 

favor of the prior schedule.  The second case, W2, results when more than 5 minutes of 

additional decompression time is needed to generate a decompression schedule with a 

PDCS less than the target PDCS.  In this case, an additional update cycle should be 

executed using the new longer schedule as the basis.  In the event the next iteration of 

the search does not complete before the time allotted for the update expires, the 

schedule from the prior iteration should be used.  The real-time search procedure was 



 

154 

found to be highly effective in test environments [71], but still too computationally 

expensive for wrist worn dive computers [108]. 

 

Figure 26: Real-time search flow chart.  The flow chart describes the real-time 

search procedure for probabilistic decompression algorithms.  It has two sub 

processes W1 and W2.  W1 occurs when a longer decompression schedule results in a 

greater PDCS than a shorter schedule due to ascent time.  In this case the longer 

schedule should be discarded.  W2 occurs when an addition of 5 minutes of 

decompression time improves the PDCS but not enough to satisfy the target PDCS.  

In this case a second update is started and used if it can be executed before the diver 

computer must update the display.  If the second cycle does not complete, the 

previous schedule is used. 
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7.2.2. Direct Calculation of an Optimal Ascent Path 

The optimal ascent path can be directly calculated by assuming a fraction of the 

ascent is linear, occurring at the maximum safe ascent rate, and the remainder is a power 

law curve.  The point at which the transition from linear to power law ascent occurs is 

referred to as the crossover point and governed by the break fraction.  The power law 

portion of the ascent is governed by the equation, 

 1
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.  (108) 

P(t) is the ambient pressure at the current time, p1 is the pressure prior to the beginning 

of the ascent, which occurs at time t1, p2 is the pressure upon surfacing and t2 is the time 

at which the surface is reached, t is the current time.  Figure 27 provides a sketch of a 

dive to 4.63 atmospheres absolute (ATA) for 30 minutes with a notional decompression 

generated by the optimal ascent algorithm.  The exponent, n, controls the curvature of 

the power law ascent.  As n approaches unity, the power law portion of the ascent 

approaches linearity.  The variables from equation (108) are labeled where they would 

occur in the Figure 27.  The transition from a linear ascent to power law ascent is labeled 

as “Crossover”.  Crossover is simply calculated as the product of the break fraction and 

p1.  The ascent shown in Figure 27 was generated to illustrate equation (108) and may 

not be optimal. 
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Figure 27: Schematic diagram of directly calculated optimal ascent path.  p1 is 

the pressure when the diver begins their ascent.  The time at which the ascent begins 

will coincide with p1 and be referred to as t1.  p2, which will coincide with t2, is the 

pressure and time at which the diver reaches the surface.  The crossover point is when 

the ascent stops following a linear ascent and begins following a power law curve.  

This is also the time at which risk should stop accumulating.   

Depending upon the values of the break fraction and n, it is possible that the 

slope of the power law curve at the crossover point is steeper (faster ascent rate) than the 

linear ascent slope.  Should this occur it is desirable to use the linear ascent (slower) 

which occurs at the maximum safe ascent rate.  The simple solution to this problem is to 

begin comparing the linear slope to the power law slope at the crossover point and 

continue doing so until the power law ascent safely takes over.  A more elegant solution 

is to directly calculate the final correct crossover point as the intersection of the two 

curves.  This can be accomplished by using a root finding method such as the Bisection 
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method [70].  The objective function input to the Bisection method will hold all 

parameters constant except the break fraction and solve such that the model predicted 

PDCS ((1) from Chapter 1.3) equals the target PDCS. 

This approach currently suffers from the issue that the solution is not unique.  

Therefore, an additional criterion should be added to enforce selection of the schedule 

that most quickly approaches to the shallowest depth.  It has been shown that 

decompression schedules favoring shallow decompression stops over deep stops are 

more efficient [115].  Adding a constraint such as integrating and minimizing the 

pressure over the duration of the dive is one viable solution to bias the solution toward 

shallower decompression stops.  While significant work remains to complete the direct 

calculation of an optimal ascent schedule, this approach provides a promising avenue of 

future work to enable the use of probabilistic decompression algorithms in wrist worn 

dive computers. 
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8. Acknowledgement of Limits 

This work presents a breadth of techniques for modeling gas content and 

applying it to predicting the occurrence of DCS in humans.  While many of these models 

are good descriptors of the data they do have limitations.  The success of these models 

does not provide proof of any underlying pathophysiology.  Further, while tissue gas 

supersaturation is a precursor to the onset of DCS, it is not the cause of DCS.  Therefore, 

it is likely that these models have limitations on how well they extrapolate outside of 

their training set, though that limitation is mostly unquantified.   
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Appendix A: Parameters for all Pharmacokinetic Gas Content Models Optimized 

Against all Subsets of the NMRI98 Data 

Table 29: Best Fit Parameters for the Single Air data subset using coupled perfusion limited pharmacokinetic gas content 

models.  These are the best fit parameters for the pharmacokinetic gas content models presented in Chapter 3. Confidence 

intervals were only calculated for the best performing model and are not included here.  Weighted AIC index values are for 

comparison between all models listed in the table.  Marginal DCS events were weighted as 0.0. 

Parameter value CS2T CS2T_3 PLB LEM-NMRI98 S2LP S2T S3T 

g1 N/A 1.02E-03 1.00E-03 9.81E-03 N/A N/A N/A 

g2 1.43E-03 1.36E-04 N/A 2.41E-04 7.86E-04 1.12E-03 5.54E-04 

g3 8.17E-04 2.99E-04 N/A 2.32E-02 8.36E-04 N/A 8.34E-04 

k11 9.62E-01 3.33E-02 8.29E-03 1.03E+00 3.04E-01 8.62E-03 3.42E-01 

k12 N/A N/A N/A N/A N/A N/A N/A 

k13 1.12E-01 1.43E-02 N/A N/A N/A N/A N/A 

k22 2.54E-01 9.06E-03 N/A 1.14E-02 3.97E-03 9.66E-01 3.13E-01 

k33 4.39E-03 8.89E-03 N/A 8.72E-01 4.13E-01 N/A 4.06E-03 

o22 N/A N/A N/A 1.27E-01 N/A N/A N/A 

PSET2 N/A N/A N/A 4.08E+00 N/A N/A N/A 

PXO2 N/A N/A N/A 7.84E-02 N/A N/A N/A 

THR3 N/A N/A N/A 8.62E-01 N/A N/A N/A 

PDCS 55.78 53.08 52.34 53.02 52.28 58.54 54.28 

Log Likelihood -270.58 -274.17 -300.90 -266.34 -271.44 -304.67 -272.55 

Weighted AIC 

Index 
2.44E-01 3.11E-01 9.03E-13 7.50E-02 7.63E-15 9.09E-02 2.80E-01 
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Table 30: Best fit parameters for the single air data subset using perfusion-diffusion pharmacokinetic gas content models.  

These are the best fit parameters for the pharmacokinetic gas content models presented in Chapter 4. Confidence intervals were 

only calculated for the best performing model and are not included here.  Weighted AIC index values are for comparison 

between all models listed in the table.  Marginal DCS events were weighted as 0.0.  PLB and LEM-NMRI98 are repeated because 

they were used in the weighted AIC index comparisons. 

Parameter 

value 
PDB PDB_01 PDB_10 PDCCD PLB PLCCD LEM-NMRI98 S2LPD 

g1 1.61E-03 1.00E-03 N/A N/A 1.00E-03 N/A 9.81E-03 N/A 

g2 7.64E-04 N/A 1.27E-03 1.16E-03 N/A 1.01E-03 2.41E-04 5.08E-04 

g3 N/A N/A N/A 7.48E-04 N/A N/A 2.32E-02 8.39E-04 

k11 2.28E-01 1.05E-01 4.63E-02 4.10E-01 8.29E-03 9.52E-03 1.03E+00 2.82E-01 

k12 2.33E-02 6.66E+00 1.48E-01 N/A N/A N/A N/A N/A 

k13 N/A N/A N/A N/A N/A 2.34E-02 N/A N/A 

k14 N/A N/A N/A 2.29E+00 N/A N/A N/A N/A 

k22 4.38E-03 5.77E-01 2.03E-02 1.51E+00 N/A 4.24E+00 1.14E-02 1.34E+00 

k23 N/A N/A N/A 4.88E-03 N/A N/A N/A 2.55E-03 

k32 N/A N/A N/A 1.34E-01 N/A N/A N/A 2.84E-01 

k33 N/A N/A N/A N/A N/A N/A 8.72E-01 2.04E-03 

o22 N/A N/A N/A N/A N/A N/A 1.27E-01 N/A 

PSET2 N/A N/A N/A N/A N/A N/A 4.08E+00 N/A 

PXO2 N/A N/A N/A N/A N/A N/A 7.84E-02 N/A 

THR3 N/A N/A N/A N/A N/A N/A 8.62E-01 N/A 

PDCS 51.5 52.34 52.45 51.06 52.34 52.56 53.02 52.03 
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Log 

Likelihood 
-270.09 -300.83 -278.30 -271.05 -300.90 -283.91 -266.34 -273.47 

Weighted AIC 

Index 
7.48E-01 9.09E-14 5.56E-04 3.84E-02 6.28E-13 2.04E-06 2.09E-01 3.41E-03 
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Table 31: Best fit parameters for the single non-air data subset using coupled perfusion limited pharmacokinetic gas 

content models.  These are the best fit parameters for the pharmacokinetic gas content models presented in Chapter 3. 

Confidence intervals were only calculated for the best performing model and are not included here.  Weighted AIC index values 

are for comparison between all models listed in the table.  Marginal DCS events were weighted as 0.0. 

Parameter value CS2T CS2T_3 PLB LEM-NMRI98 S2LP S2T S3T 

g1 N/A 7.44E-04 6.57E-04 3.13E-04 N/A N/A N/A 

g2 7.58E-04 3.80E-04 N/A 1.23E-04 6.38E-04 6.64E-04 4.83E-04 

g3 1.40E-04 5.65E-05 N/A 8.15E-03 4.84E-04 N/A 6.28E-04 

k11 1.87E-01 1.07E-01 3.59E-03 1.62E-01 9.08E+00 3.55E-03 6.77E+00 

k12 N/A N/A N/A N/A N/A N/A N/A 

k13 5.57E-01 8.39E-02 N/A N/A N/A N/A N/A 

k22 1.69E-01 8.03E-03 N/A 1.22E-02 3.43E-03 2.38E+00 3.26E-01 

k33 1.45E-02 1.55E-02 N/A 8.00E-04 3.32E-01 N/A 3.43E-03 

o22 N/A N/A N/A 5.79E-02 N/A N/A N/A 

PSET2 N/A N/A N/A 1.76E+00 N/A N/A N/A 

PXO2 N/A N/A N/A 6.83E-02 N/A N/A N/A 

THR3 N/A N/A N/A 7.76E-02 N/A N/A N/A 

PDCS 25.03 25.49 25.02 24.98 24.99 25.02 25.05 

Log Likelihood -137.60 -137.33 -138.48 -136.00 -137.78 -138.22 -137.81 

Weighted AIC Index 2.42E-02 1.14E-02 5.79E-01 1.98E-03 5.57E-02 2.74E-01 5.42E-02 
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Table 32: Best fit parameters for the single non-air data subset using perfusion-diffusion pharmacokinetic gas content 

models.  These are the best fit parameters for the pharmacokinetic gas content models presented in Chapter 4. Confidence 

intervals were only calculated for the best performing model and are not included here.  Weighted AIC index values are for 

comparison between all models listed in the table.  Marginal DCS events were weighted as 0.0.  PLB and LEM-NMRI98 are 

repeated because they were used in the weighted AIC index comparisons. 

Parameter value PDB PDB_01 PDB_10 PDCCD PLB PLCCD LEM-NMRI98 S2LPD 

g1 7.12E-04 N/A 9.66E-04 N/A 6.57E-04 N/A 3.13E-04 N/A 

g2 6.06E-04 6.55E-04 N/A 8.30E-04 N/A 7.02E-04 1.23E-04 6.13E-04 

g3 N/A N/A N/A 1.36E-04 N/A N/A 8.15E-03 3.52E-04 

k11 2.48E-01 8.15E-01 6.95E-02 2.20E-01 3.59E-03 6.70E-03 1.62E-01 2.25E-01 

k12 7.55E-02 2.05E+00 2.45E-01 N/A N/A N/A N/A N/A 

k13 N/A N/A N/A N/A N/A 3.11E-02 N/A N/A 

k14 N/A N/A N/A 6.47E+00 N/A N/A N/A N/A 

k22 4.36E-03 1.26E-02 1.61E-02 1.86E+00 N/A 1.96E+00 1.22E-02 2.19E-03 

k23 N/A N/A N/A 1.27E-02 N/A N/A N/A 2.57E-01 

k32 N/A N/A N/A 2.54E+00 N/A N/A N/A 1.53E-03 

k33 N/A N/A N/A N/A N/A N/A 8.00E-04 8.11E-01 

o22 N/A N/A N/A N/A N/A N/A 5.79E-02 N/A 

PSET2 N/A N/A N/A N/A N/A N/A 1.76E+00 N/A 

PXO2 N/A N/A N/A N/A N/A N/A 6.83E-02 N/A 

THR3 N/A N/A N/A N/A N/A N/A 7.76E-02 N/A 

PDCS 25.03 25.02 24.99 25 25.02 25.02 24.98 25.13 

Log Likelihood -137.64 -138.48 -137.71 -137.67 -138.48 -138.17 -136.00 -137.72 

Weighted AIC Index 6.53E-02 7.64E-02 1.66E-01 8.46E-03 5.69E-01 1.05E-01 2.20E-03 8.05E-03 
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Table 33: Best fit parameters for the repetitive and multilevel air data subset using coupled perfusion limited 

pharmacokinetic gas content models.  These are the best fit parameters for the pharmacokinetic gas content models presented in 

Chapter 3. Confidence intervals were only calculated for the best performing model and are not included here.  Weighted AIC 

index values are for comparison between all models listed in the table.  Marginal DCS events were weighted as 0.0. 

Parameter value CS2T CS2T_3 PLB LEM-NMRI98 S2LP S2T S3T 

g1 N/A 1.36E-03 6.77E-04 7.18E-03 N/A 4.89E-05 N/A 

g2 1.03E-03 9.22E-05 N/A 2.94E-04 4.77E-04 N/A 4.62E-04 

g3 6.92E-05 1.55E-04 N/A 1.06E-03 6.12E-04 N/A 5.70E-04 

k11 5.53E-02 9.74E-02 3.51E-03 1.54E+00 3.27E+00 7.01E-01 2.73E-01 

k12 N/A N/A N/A N/A N/A N/A N/A 

k13 9.06E-02 5.95E-02 N/A N/A N/A N/A N/A 

k22 8.08E-01 7.19E-03 N/A 1.59E+00 2.71E-01 1.90E-02 3.33E-01 

k33 7.95E-03 1.02E-02 N/A 2.70E-03 3.22E-03 N/A 3.09E-03 

o22 N/A N/A N/A 4.21E-02 N/A N/A N/A 

PSET2 N/A N/A N/A 4.41E+00 N/A N/A N/A 

PXO2 N/A N/A N/A 2.46E-02 N/A N/A N/A 

THR3 N/A N/A N/A 6.35E-02 N/A N/A N/A 

PDCS 32.43 34.15 33.91 33.26 32.75 1.79 33.87 

Log Likelihood -184.31 -183.46 -187.57 -184.11 -185.51 -721.64 -185.59 

Weighted AIC Index 
1.76E-01 1.47E-01 3.93E-01 1.50E-03 1.46E-01 

1.63E-

233 
1.36E-01 
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Table 34: Best fit parameters for the repetitive and multilevel air data subset using perfusion-diffusion pharmacokinetic 

gas content models.  These are the best fit parameters for the pharmacokinetic gas content models presented in Chapter 4. 

Confidence intervals were only calculated for the best performing model and are not included here.  Weighted AIC index values 

are for comparison between all models listed in the table.  Marginal DCS events were weighted as 0.0.  PLB and LEM-NMRI98 

are repeated because they were used in the weighted AIC index comparisons. 

Parameter value PDB PDB_01 PDB_10 PDCCD PLB PLCCD LEM-NMRI98 S2LPD 

g1 1.23E-03 N/A 1.85E-03 N/A 6.77E-04 N/A 7.18E-03 5.26E-04 

g2 1.53E-05 6.75E-04 N/A 2.16E-03 N/A 7.26E-04 2.94E-04 4.47E-04 

g3 N/A N/A N/A 3.57E-04 N/A N/A 1.06E-03 1.63E-01 

k11 4.38E-02 1.28E+00 1.19E-01 5.98E-01 3.51E-03 6.15E-03 1.54E+00 N/A 

k12 6.48E-02 1.54E+00 N/A N/A N/A N/A N/A N/A 

k13 N/A N/A N/A N/A N/A 1.57E-02 N/A N/A 

k14 N/A N/A N/A 1.03E+00 N/A N/A N/A N/A 

k22 6.94E-03 7.72E-03 1.29E-01 1.92E+00 N/A 1.84E+00 1.59E+00 2.66E-03 

k23 N/A N/A N/A 3.99E-03 N/A N/A N/A 1.39E-01 

k32 N/A N/A N/A 5.99E-01 N/A N/A N/A 5.15E-04 

k33 N/A N/A 5.82E-03 N/A N/A N/A 2.70E-03 2.42E-01 

o22 N/A N/A N/A N/A N/A N/A 4.21E-02 N/A 

PSET2 N/A N/A N/A N/A N/A N/A 4.41E+00 N/A 

PXO2 N/A N/A N/A N/A N/A N/A 2.46E-02 N/A 

THR3 N/A N/A N/A N/A N/A N/A 6.35E-02 N/A 

PDCS 33.41 33.91 33.80 33.73 33.91 33.90 33.26 33.95 

Log Likelihood -184.18 -187.57 -183.84 -184.50 -187.57 -186.84 -184.11 -185.27 

Weighted AIC Index 1.67E-01 1.53E-02 6.38E-01 1.63E-02 1.14E-01 3.16E-02 1.02E-02 7.51E-03 
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Table 35: Best fit parameters for the repetitive and multilevel non-air data subset using coupled perfusion limited 

pharmacokinetic gas content models.  These are the best fit parameters for the pharmacokinetic gas content models presented in 

Chapter 3. Confidence intervals were only calculated for the best performing model and are not included here.  Weighted AIC 

index values are for comparison between all models listed in the table.  Marginal DCS events were weighted as 0.0. 

Parameter value CS2T CS2T_3 PLB LEM-NMRI98 S2LP S2T S3T 

g1 N/A 7.42E-04 5.70E-04 3.67E-04 N/A N/A N/A 

g2 8.26E-04 1.63E-04 N/A 9.83E-07 4.61E-04 5.63E-04 6.33E-04 

g3 4.42E-04 2.53E-04 N/A 1.89E-03 5.30E-04 N/A 4.47E-04 

k11 3.30E-01 1.31E-01 5.14E-03 5.00E-02 1.74E-01 6.39E-01 2.90E-01 

k12 N/A N/A N/A N/A N/A N/A N/A 

k13 4.76E-03 3.80E-03 N/A N/A N/A N/A N/A 

k22 3.02E-01 1.09E-02 N/A 1.95E-02 4.74E-03 5.13E-03 2.90E-01 

k33 4.75E-03 3.19E-03 N/A 2.46E-03 6.19E-01 N/A 4.70E-03 

o22 N/A N/A N/A 9.17E-02 N/A N/A N/A 

PSET2 N/A N/A N/A 3.77E-01 N/A N/A N/A 

PXO2 N/A N/A N/A 6.28E-02 N/A N/A N/A 

THR3 N/A N/A N/A 1.46E-01 N/A N/A N/A 

PDCS 26.20 27.10 24.99 25.97 25.63 24.99 25.9 

Log Likelihood -161.27 -161.39 -192.80 -155.64 -161.35 -192.78 -161.20 

Weighted AIC Index 1.03E-01 3.26E-02 1.20E-13 4.64E-01 2.61E-01 4.47E-14 1.40E-01 
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Table 36: Best fit parameters for the repetitive and multilevel non-air data subset using perfusion-diffusion 

pharmacokinetic gas content models.  These are the best fit parameters for the pharmacokinetic gas content models presented in 

Chapter 4. Confidence intervals were only calculated for the best performing model and are not included here.  Weighted AIC 

index values are for comparison between all models listed in the table.  Marginal DCS events were weighted as 0.0.  PLB and 

LEM-NMRI98 are repeated because they were used in the weighted AIC index comparisons. 

Parameter value PDB PDB_01 PDB_10 PDCCD PLB PLCCD LEM-NMRI98 S2LPD 

g1 1.47E-03 N/A 1.21E-03 N/A 5.70E-04 N/A 3.67E-04 N/A 

g2 4.56E-04 5.63E-04 N/A 9.76E-04 N/A 7.37E-04 9.83E-07 4.95E-04 

g3 N/A N/A N/A 1.10E-05 N/A N/A 1.89E-03 5.53E-04 

k11 2.26E-01 5.48E-01 2.80E-02 8.86E-02 5.14E-03 1.65E-02 5.00E-02 2.98E-01 

k12 2.75E-03 9.00E-02 1.70E-02 N/A N/A N/A N/A N/A 

k13 N/A N/A N/A N/A N/A 9.71E-03 N/A N/A 

k14 N/A N/A N/A 1.38E+00 N/A N/A N/A N/A 

k22 4.79E-03 5.98E-03 5.96E-03 8.16E-01 N/A 2.14E-01 1.95E-02 2.96E-03 

k23 N/A N/A N/A 7.13E-03 N/A N/A N/A 1.96E-02 

k32 N/A N/A N/A 3.00E-01 N/A N/A N/A 1.98E-03 

k33 N/A N/A N/A N/A N/A N/A 2.46E-03 2.10E-01 

o22 N/A N/A N/A N/A N/A N/A 9.17E-02 N/A 

PSET2 N/A N/A N/A N/A N/A N/A 3.77E-01 N/A 

PXO2 N/A N/A N/A N/A N/A N/A 6.28E-02 N/A 

THR3 N/A N/A N/A N/A N/A N/A 1.46E-01 N/A 

PDCS 26.26 24.99 25.57 22.45 24.99 24.49 25.97 27.35 

Log Likelihood -161.62 -192.78 -166.93 -167.01 -192.80 -184.94 -155.64 -161.47 

Weighted AIC Index 2.66E-01 2.13E-14 3.60E-03 1.63E-04 1.54E-13 5.39E-11 6.89E-01 4.14E-02 
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Table 37: Best fit parameters for the oxygen decompression data subset using coupled perfusion limited pharmacokinetic 

gas content models.  These are the best fit parameters for the pharmacokinetic gas content models presented in Chapter 3. 

Confidence intervals were only calculated for the best performing model and are not included here.  Weighted AIC index values 

are for comparison between all models listed in the table.  Marginal DCS events were weighted as 0.0. 

Parameter value CS2T CS2T_3 PLB LEM-NMRI98 S2LP S2T S3T 

g1 N/A 6.12E-04 8.52E-04 7.13E-04 N/A N/A N/A 

g2 1.29E-03 9.25E-04 N/A 1.29E-04 5.92E-04 8.01E-04 5.32E-04 

g3 2.16E-04 8.14E-05 N/A 7.70E-03 3.23E-04 N/A 2.86E-04 

k11 5.60E-01 1.29E-02 5.34E-03 5.06E-03 1.41E-01 N/A 5.36E-03 

k12 N/A N/A N/A N/A N/A N/A N/A 

k13 9.35E-01 7.45E-03 N/A N/A N/A N/A N/A 

k22 2.81E+00 5.77E-02 N/A 2.14E+00 8.23E-03 5.37E-03 3.02E-01 

k33 1.26E-02 5.70E-03 N/A 3.07E-01 2.56E-03 1.37E-01 2.20E-01 

o22 N/A N/A N/A 1.28E-02 N/A N/A N/A 

PSET2 N/A N/A N/A 2.07E+00 N/A N/A N/A 

PXO2 N/A N/A N/A 6.51E-03 N/A N/A N/A 

THR3 N/A N/A N/A 5.29E+00 N/A N/A N/A 

PDCS 22.05 22.10 22.06 21.97 22.11 22.06 22.06 

Log Likelihood -114.65 -112.95 -114.79 -112.14 -114.67 -114.76 -114.80 

Weighted AIC Index 1.30E-02 2.55E-02 6.54E-01 2.61E-03 3.53E-02 2.38E-01 3.11E-02 
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Table 38: Best fit parameters for the oxygen decompression data subset using perfusion-diffusion pharmacokinetic gas 

content models.  These are the best fit parameters for the pharmacokinetic gas content models presented in Chapter 4. 

Confidence intervals were only calculated for the best performing model and are not included here.  Weighted AIC index values 

are for comparison between all models listed in the table.  Marginal DCS events were weighted as 0.0.  PLB and LEM-NMRI98 

are repeated because they were used in the weighted AIC index comparisons. 

Parameter value PDB PDB_01 PDB_10 PDCCD PLB PLCCD LEM-NMRI98 S2LPD 

g1 4.90E-04 N/A 2.63E-03 N/A 8.52E-04 N/A 7.13E-04 N/A 

g2 4.43E-04 8.51E-04 N/A 1.76E-03 N/A 1.05E-03 1.29E-04 7.12E-04 

g3 N/A N/A N/A 4.24E-05 N/A N/A 7.70E-03 3.38E-04 

k11 1.57E-02 1.80E-02 1.79E-02 4.61E-02 5.34E-03 7.76E-03 5.06E-03 3.37E-02 

k12 1.72E-02 5.52E+00 1.23E-02 N/A N/A N/A N/A N/A 

k13 N/A N/A N/A N/A N/A 5.38E-03 N/A N/A 

k14 N/A N/A N/A 2.10E+00 N/A N/A N/A 3.04E-02 

k22 1.34E-02 2.34E+00 6.19E-03 1.40E-01 N/A 1.41E+00 2.14E+00 6.82E-03 

k23 N/A N/A N/A 6.73E-03 N/A N/A N/A 2.38E-02 

k32 N/A N/A N/A 5.76E-02 N/A N/A N/A 1.65E-04 

k33 N/A N/A N/A N/A N/A N/A 3.07E-01 N/A 

o22 N/A N/A N/A N/A N/A N/A 1.28E-02 N/A 

PSET2 N/A N/A N/A N/A N/A N/A 2.07E+00 N/A 

PXO2 N/A N/A N/A N/A N/A N/A 6.51E-03 N/A 

THR3 N/A N/A N/A N/A N/A N/A 5.29E+00 N/A 

PDCS 21.53 22.06 21.61 22.16 22.06 22.05 21.97 21.85 

Log Likelihood -114.64 -114.79 -112.71 -112.77 -114.79 -114.13 -112.14 -113.71 

Weighted AIC Index 2.22E-02 5.16E-02 4.14E-01 1.93E-02 3.83E-01 1.01E-01 1.78E-03 7.48E-03 
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Table 39: Best fit parameters for the surface decompression with oxygen data subset using coupled perfusion limited 

pharmacokinetic gas content models.  These are the best fit parameters for the pharmacokinetic gas content models presented in 

Chapter 3. Confidence intervals were only calculated for the best performing model and are not included here.  Weighted AIC 

index values are for comparison between all models listed in the table.  Marginal DCS events were weighted as 0.0. 

Parameter value CS2T CS2T_3 PLB LEM-NMRI98 S2LP S2T S3T 

g1 N/A 1.01E-03 7.31E-04 1.44E-04 N/A N/A N/A 

g2 6.45E-04 5.55E-04 N/A 6.02E-06 1.45E-04 7.09E-04 3.31E-04 

g3 2.58E-04 3.58E-05 N/A 6.93E-04 6.23E-04 N/A 4.35E-04 

k11 1.78E-02 1.38E-02 4.34E-03 3.07E-02 4.08E+00 4.38E-03 1.94E-02 

k12 N/A N/A N/A N/A N/A N/A N/A 

k13 3.72E-02 8.01E-03 N/A N/A N/A N/A N/A 

k22 1.32E-01 2.73E-03 N/A 1.22E-01 2.03E-02 2.49E-01 7.37E-01 

k33 1.35E-02 9.37E-02 N/A 5.01E-03 3.58E-03 N/A 3.37E-03 

o22 N/A N/A N/A 8.05E-03 N/A N/A N/A 

PSET2 N/A N/A N/A 3.88E-01 N/A N/A N/A 

PXO2 N/A N/A N/A 5.76E-02 N/A N/A N/A 

THR3 N/A N/A N/A 3.99E-02 N/A N/A N/A 

PDCS 11.00 11.01 11.03 11.04 10.57 11.03 11.13 

Log Likelihood -71.83 -71.13 -72.33 -71.16 -71.78 -72.31 -71.50 

Weighted AIC Index 1.73E-02 1.24E-02 6.22E-01 5.23E-04 5.11E-02 2.30E-01 6.71E-02 
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Table 40: Best fit parameters for the surface decompression with oxygen data subset using perfusion-diffusion 

pharmacokinetic gas content models.  These are the best fit parameters for the pharmacokinetic gas content models presented in 

Chapter 4. Confidence intervals were only calculated for the best performing model and are not included here.  Weighted AIC 

index values are for comparison between all models listed in the table.  Marginal DCS events were weighted as 0.0.  PLB and 

LEM-NMRI98 are repeated because they were used in the weighted AIC index comparisons. 

Parameter value PDB PDB_01 PDB_10 PDCCD PLB PLCCD LEM-NMRI98 S2LPD 

g1 2.40E-03 N/A 7.32E-04 N/A 7.31E-04 N/A 1.44E-04 N/A 

g2 6.58E-04 7.02E-04 N/A 1.20E-03 N/A 8.48E-04 6.02E-06 3.71E-04 

g3 N/A N/A N/A 5.32E-04 N/A N/A 6.93E-04 6.38E-04 

k11 2.68E+00 2.93E-02 5.73E-03 3.82E-02 4.34E-03 6.54E-03 3.07E-02 2.22E-01 

k12 1.18E+00 1.35E-01 4.42E-01 N/A N/A N/A N/A N/A 

k13 N/A N/A N/A N/A N/A 9.40E-03 N/A N/A 

k14 N/A N/A N/A 3.06E-01 N/A N/A N/A 2.66E-04 

k22 5.48E-03 2.82E-02 1.39E+00 2.60E+00 N/A 2.33E-01 1.22E-01 2.37E-02 

k23 N/A N/A N/A 3.34E-03 N/A N/A N/A 6.99E-03 

k32 N/A N/A N/A 1.12E+00 N/A N/A N/A 1.84E-02 

k33 N/A N/A N/A N/A N/A N/A 5.01E-03 N/A 

o22 N/A N/A N/A N/A N/A N/A 8.05E-03 N/A 

PSET2 N/A N/A N/A N/A N/A N/A 3.88E-01 N/A 

PXO2 N/A N/A N/A N/A N/A N/A 5.76E-02 N/A 

THR3 N/A N/A N/A N/A N/A N/A 3.99E-02 N/A 

PDCS 11.20 11.03 11.03 11.10 11.03 11.01 11.04 10.61 

Log Likelihood -71.33 -72.32 -72.34 -71.07 -72.33 -71.92 -71.16 -71.77 

Weighted AIC Index 8.16E-02 8.33E-02 8.17E-02 1.42E-02 6.07E-01 1.24E-01 6.36E-04 7.11E-03 
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Table 41: Best fit parameters for the saturation data subset using coupled perfusion limited pharmacokinetic gas content 

models.  These are the best fit parameters for the pharmacokinetic gas content models presented in Chapter 3. Confidence 

intervals were only calculated for the best performing model and are not included here.  Weighted AIC index values are for 

comparison between all models listed in the table.  Marginal DCS events were weighted as 0.0. 

Parameter value CS2T CS2T_3 PLB LEM-NMRI98 S2LP S2T S3T 

g1 N/A 1.38E-03 1.08E-03 4.44E-04 N/A N/A N/A 

g2 5.73E-04 5.93E-04 N/A 3.74E-04 8.76E-04 1.01E-03 4.56E-04 

g3 8.30E-04 3.53E-04 N/A 2.65E-03 1.05E-03 N/A 8.60E-04 

k11 1.22E-01 1.31E-02 3.18E-03 2.42E-03 1.68E-01 3.64E-03 1.81E+00 

k12 N/A N/A N/A N/A N/A N/A N/A 

k13 5.31E-02 2.23E-03 N/A N/A N/A N/A N/A 

k22 3.53E-02 4.77E-02 N/A 8.22E-01 2.50E+00 2.33E-02 1.34E-02 

k33 5.04E-03 3.37E-03 N/A 3.78E-03 3.23E-03 N/A 3.92E-03 

o22 N/A N/A N/A 2.88E-02 N/A N/A N/A 

PSET2 N/A N/A N/A 8.67E+00 N/A N/A N/A 

PXO2 N/A N/A N/A 1.06E-01 N/A N/A N/A 

THR3 N/A N/A N/A 2.50E-01 N/A N/A N/A 

PDCS 51.08 52.38 52.33 50.68 52.36 52.26 52.11 

Log Likelihood -210.96 -210.03 -211.97 -204.76 -211.80 -211.47 -211.17 

Weighted AIC Index 2.11E-02 1.91E-02 4.50E-01 1.63E-01 2.54E-02 2.73E-01 4.78E-02 
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Table 42: Best fit parameters for the saturation data subset using perfusion-diffusion pharmacokinetic gas content 

models.  These are the best fit parameters for the pharmacokinetic gas content models presented in Chapter 4. Confidence 

intervals were only calculated for the best performing model and are not included here.  Weighted AIC index values are for 

comparison between all models listed in the table.  Marginal DCS events were weighted as 0.0.  PLB and LEM-NMRI98 are 

repeated because they were used in the weighted AIC index comparisons. 

Parameter value PDB PDB_01 PDB_10 PDCCD PLB PLCCD LEM-NMRI98 S2LPD 

g1 1.46E-03 N/A 1.08E-03 N/A 1.08E-03 N/A 4.44E-04 N/A 

g2 8.64E-04 1.06E-03 N/A 1.92E-03 N/A 1.01E-03 3.74E-04 7.02E-04 

g3 N/A N/A N/A 7.06E-04 N/A N/A 2.65E-03 3.08E-04 

k11 1.40E-01 1.35E-02 3.22E-03 9.98E-02 3.18E-03 1.72E-02 2.42E-03 3.64E-03 

k12 7.71E-02 5.20E-02 8.91E-03 N/A N/A N/A N/A N/A 

k13 N/A N/A N/A 2.16E+00 N/A 7.45E-03 N/A N/A 

k14 N/A N/A N/A 3.17E+00 N/A N/A N/A 1.39E-02 

k22 4.84E-03 2.01E-02 8.68E-01 4.42E-03 N/A 5.39E-03 8.22E-01 1.08E-01 

k23 N/A N/A N/A 7.23E-01 N/A N/A N/A 1.49E-01 

k32 N/A N/A N/A N/A N/A N/A N/A 3.14E-02 

k33 N/A N/A N/A N/A N/A N/A 3.78E-03 N/A 

o22 N/A N/A N/A N/A N/A N/A 2.88E-02 N/A 

PSET2 N/A N/A N/A N/A N/A N/A 8.67E+00 N/A 

PXO2 N/A N/A N/A N/A N/A N/A 1.06E-01 N/A 

THR3 N/A N/A N/A N/A N/A N/A 2.50E-01 N/A 

PDCS 52.12 52.29 52.32 51.93 52.33 52.26 50.68 52.24 

Log Likelihood -211.23 -211.72 -211.97 -210.82 -211.97 -211.48 -204.76 -211.46 

Weighted AIC Index 4.96E-02 8.25E-02 6.44E-02 1.00E-02 4.74E-01 1.05E-01 2.09E-01 5.27E-03 
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Table 43: Best fit parameters for the all minus saturation data subset using coupled perfusion limited pharmacokinetic 

gas content models.  These are the best fit parameters for the pharmacokinetic gas content models presented in Chapter 3. 

Confidence intervals were only calculated for the best performing model and are not included here.  Weighted AIC index values 

are for comparison between all models listed in the table.  Marginal DCS events were weighted as 0.0.  The value of 1.0 displayed 

for LEM-NMRI98’s weighted AIC index value is rounded and is not in fact 1.0.  There were no solutions for the PLB and S2T 

models using this data subset which did not result in statistical model failure. 

Parameter value CS2T CS2T_3 PLB 
LEM-

NMRI98 
S2LP S2T S3T 

g1 N/A 1.27E-03 -- 3.63E-03 N/A N/A N/A 

g2 1.51E-03 9.32E-05 N/A 9.62E-05 6.13E-04 -- 5.07E-04 

g3 6.49E-04 4.91E-04 N/A 1.15E-03 6.06E-04 N/A 5.73E-04 

k11 4.60E-01 2.84E-01 -- 7.01E-01 1.71E-01 -- 2.40E-01 

k12 N/A N/A N/A N/A N/A N/A N/A 

k13 5.16E-02 4.65E-03 N/A N/A N/A N/A N/A 

k22 1.57E+00 4.19E-03 N/A 1.55E-02 3.89E-03 -- 2.74E-01 

k33 4.51E-03 5.30E-02 N/A 1.88E-03 3.25E-01 N/A 3.96E-03 

o22 N/A N/A N/A 2.67E-02 N/A N/A N/A 

PSET2 N/A N/A N/A 5.29E-01 N/A N/A N/A 

PXO2 N/A N/A N/A 7.46E-02 N/A N/A N/A 

THR3 N/A N/A N/A 9.95E-02 N/A N/A N/A 

PDCS 169.62 170.31 -- 170.77 -179.27 -- 163.84 

Log Likelihood -949.19 -950.01 -- -941.57 -954.60 -- -952.80 

Weighted AIC Index 2.94E-04 2.90E-05 -- 1.00E+00 2.21E-06 -- 1.33E-05 
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Table 44: Best fit parameters for the all minus saturation data subset using perfusion-diffusion pharmacokinetic gas 

content models.  These are the best fit parameters for the pharmacokinetic gas content models presented in Chapter 4. 

Confidence intervals were only calculated for the best performing model and are not included here.  Weighted AIC index values 

are for comparison between all models listed in the table.  Marginal DCS events were weighted as 0.0.  PLB and LEM-NMRI98 

are repeated because they were used in the weighted AIC index comparisons.  There were no solutions for the PDB_01 and PLB 

models using this data subset which did not result in statistical model failure. 

Parameter value PDB PDB_01 PDB_10 PDCCD PLB PLCCD LEM-NMRI98 S2LPD 

g1 3.55E-03 N/A 9.33E-04 N/A -- N/A 3.63E-03 N/A 

g2 6.53E-04 -- N/A 1.15E-03 N/A 8.11E-04 9.62E-05 1.26E-04 

g3 N/A N/A N/A 6.19E-04 N/A N/A 1.15E-03 6.50E-04 

k11 5.99E-01 -- 1.65E-02 2.88E-01 -- 8.98E-03 7.01E-01 1.09E-01 

k12 4.02E-02 -- 4.38E-02 N/A N/A N/A N/A N/A 

k13 N/A N/A N/A 7.89E-01 N/A 2.39E-02 N/A N/A 

k14 N/A N/A N/A 6.09E+00 N/A N/A N/A 1.02E-01 

k22 4.32E-03 -- 1.86E-02 4.88E-03 N/A 2.36E+00 1.55E-02 1.02E-03 

k23 N/A N/A N/A 1.05E+00 N/A N/A N/A 6.47E-02 

k32 N/A N/A N/A N/A N/A N/A N/A 3.52E-03 

k33 N/A N/A N/A N/A N/A N/A 1.88E-03 N/A 

o22 N/A N/A N/A N/A N/A N/A 2.67E-02 N/A 

PSET2 N/A N/A N/A N/A N/A N/A 5.29E-01 N/A 

PXO2 N/A N/A N/A N/A N/A N/A 7.46E-02 N/A 

THR3 N/A N/A N/A N/A N/A N/A 9.95E-02 N/A 

PDCS 170.59 -- 169.58 182.30 -- 171.16 170.77 174.41 

Log Likelihood -949.14 -- -987.70 -952.52 -- -995.26 -941.57 -963.71 

Weighted AIC Index 7.28E-02 -- 3.56E-18 3.32E-04 -- 1.85E-21 9.27E-01 4.61E-09 
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Appendix B: Optimization Results for Pharmacokinetic 

Gas Content Models Incorporating Unrestricted Oxygen 

Tissue Tensions 

Originally, the pharmacokinetic gas content models described in Chapter 5 were 

treated purely as a systems identification problem and were optimized with no 

restrictions on the value of the oxygen sink term (si).  However, during early analysis it 

was found that the oxygen tissue tensions often became negative due to the oxygen sink 

consuming more oxygen then was available in the tissue and inspired gas.  A tissue 

tension should not be negative as this is a physiologically impossible state, at the 

smallest it can only be zero.  This finding indicates that the optimized parameters are not 

well approximating the physiology.  To remedy this issue, a constraint was added to the 

work in Chapter 5 which constrained oxygen tissue tensions to be greater than or equal 

to zero.  The optimization results for constrained oxygen are presented in Chapter 5.  

The best fit parameters and performance metrics for the pharmacokinetic gas content 

models incorporating oxygen without the non-negativity constraint are provided below 

in Table 45, Table 46, and Table 47.  These results did not well describe the training and 

are included only to show that unconstrained optimization did not work for this 

problem. 
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Table 45: Full data set model fit results with unconstrained oxygen.  The weighted AIC index indicates better model 

description of the data relative to the other models if the value is close to 1.  Best fit parameters are reported after training with 

the full NMRI98 data set where gi parameters are gains and kij parameters are rate constants. The i and j subscripts on the rate 

constants indicates perfusion from the ith to the jth compartment.  The 95% confidence intervals are shown in parentheses below 

each parameter.  If the interval is not shown, it could not be calculated.  The PDB_10O2 model is not included because it is 

incapable of describing the full model set without model failure.  Model failure occurs when there is a model-predicted 0% 

chance of DCS for a profile during which DCS occurred which makes the log likelihood negatively infinite. 

Parameter value (+/- 

95% CI) 
CS2T CS2T_3 PDB CS2T_O2 CS2T3_O2 PDB_O2 LEM-NMRI98 

g1 N/A 
7.22E-03 

(7.41E-03) 

2.19E-03 

(2.12E-03) 
N/A 

6.66E-04 

(3.16E-04) 

1.45E-03 

(1.79E-03) 

2.99E-03 

(3.54E-03) 

g2 
3.58E-03 

(3.82E-03) 

8.83E-05 

(1.07E-04) 

7.00E-04 

(1.14E-04) 

5.66E-04 

(1.58E-04) 

1.38E-03 

(1.40E-03) 

5.45E-03 

(8.97E-02) 

1.57E-04 

(6.20E-05) 

g3 
7.01E-04 

(1.08E-04) 

6.17E-04 

(1.19E-04) 
N/A 

1.66E-03 

(4.02E-03) 

6.65E-05 

(1.32E-02) 
N/A 

8.62E-04 

(2.88E-04) 

k11 
9.50E-01 

(9.12E-01) 

9.85E-01 

(5.68E-01) 

3.08E-01 

(2.04E-01) 

5.71E-03 

(6.16E-02) 

3.67E-02 

(5.59E-02) 

5.57E-01 

(7.28E-01) 

5.96E-01 

(4.15E-01) 

k12 N/A N/A 
6.44E-02 

(5.68E-02) 
N/A N/A 

2.72E-01 

(1.02E-01) 
N/A 

k13 
1.90E-01 

(1.72E-01) 

2.59E-02 

(1.58E-01) 
N/A 

8.17E-03 

(9.28E-02) 

5.32E-02 

(3.98E-02) 
N/A N/A 

k22 
1.05E+00 

(1.13E+00) 

3.68E-02 

(3.22E-02) 

4.02E-03 

(5.15E-04) 

2.94E-02 

(4.46E-02) 

2.29E-02 

(4.18E-02) 

4.72E-03 

(1.28E-03) 

1.02E-02 

(2.31E-03) 

k33 
3.99E-03 

(3.46E-04) 

3.35E-03 

(7.19E-04) 
N/A 

7.19E-03 

(3.27E-03) 

1.14E-02 

(9.80E-03) 

7.27E-01 

(9.95E-02) 

1.95E-03 

(2.61E-04) 

k34 N/A N/A N/A N/A N/A 
2.87E-02 

(1.53E-02) 
N/A 
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k44 N/A N/A N/A 
1.55E-01 

(1.26E-01) 

7.11E-02 

(1.29E-01) 

3.35E-01 

(2.68E-01) 
N/A 

k46 N/A N/A N/A 
5.36E-03 

(7.99E-03) 

3.27E-02 

(2.46E-08) 
N/A N/A 

k55 N/A N/A N/A 
1.20E-01 

(1.04E-01) 

6.68E-02 

(2.56E-02) 
N/A 

2.86E-02 

(8.39E-03) 

k66 N/A N/A N/A 
2.17E-03 

(1.90E-03) 

7.34E-02 

(4.67E-01) 
N/A N/A 

s1 N/A N/A N/A 
2.15E-03 

(2.02E-02) 

3.21E-03 

(2.98E-02) 

2.67E-02 

(5.12E-02) 
N/A 

s2 N/A N/A N/A 
8.07E-03 

(5.43E-03) 

1.08E-01 

(6.56E-02) 

5.53E-01 

(5.48E-01) 
N/A 

s3 N/A N/A N/A 
4.69E-03 

(2.35E-03) 

4.78E-03 

(5.83E-02) 
N/A N/A 

PSET2 N/A N/A N/A N/A N/A N/A 
8.46E-01 

(2.27E-02) 

PXO2 N/A N/A N/A N/A N/A N/A 
1.07E-01 

(3.26E-02) 

THR3 N/A N/A N/A N/A N/A N/A 
9.70E-02 

(2.69E-02) 

Log Likelihood -1169.27 -1167.67 -1169.85 -1190.01 -1183.15 -1182.25 -1152.78 

Weighted AIC 

Index 
0 0 0 0 0 0 1 

Weighted AIC 

Index no LEM-

NMRI98 

0.23 0.42 0.35 0 0 0 N/A 
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Table 46: Bulk PDCS predicted by each pharmacokinetic gas content model incorporation unconstrained oxygen.  The 

bulk PDCS predicted by each model for the full NMRI98 data set and eight subsets of it are presented.   

Data Set DCS CS2T CS2T_3 PDB CS2T_O2 CS2T_3O2 PDB_O2 LEM-NMRI98 

Full Set 223 222.75 223.27 223.12 220.70 222.86 205.80 223.24 

Single Air 53 46.64 46.25 51.50 36.43 36.52 33.85 43.72 

Repetitive and Multilevel 

Air 
34 48.28 40.86 33.41 31.67 32.45 29.50 38.39 

Single Non-Air 25 29.95 29.65 25.03 25.62 25.03 22.54 26.50 

Repetitive and Multilevel 

Non-Air 
26 36.23 35.86 26.26 34.66 35.27 32.35 29.80 

Oxygen Decompression 22 21.70 22.14 21.53 28.76 29.04 26.12 19.88 

Surface Decompression with 

Oxygen 
11 12.14 12.64 11.20 20.56 20.28 16.56 11.93 

Saturation 52 33.81 35.84 52.12 43.02 44.27 44.91 52.98 

All Minus Saturation 171 188.84 187.42 170.59 177.72 178.59 160.93 170.25 
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Table 47: Predicted number of cases of DCS by each pharmacokinetic gas content model incorporating unconstrained 

oxygen included in this study.  Using Pearson 
2  test statistic for comparison shows that none of the models incorporating 

oxygen as a participating gas were the best descriptor of the extrapolation data.  CS2T_O2 performed markedly better than 

CS2T3_O2 and PDB_O2.  CS2T_O2’s improved performance relative to CS2T3_O2 and PDB_O2 is due to its improved 

performance on the single air dive type data. 

Dive Type Exposures DCS CS2T CS2T_3 PDB CS2T_O2 CS2T3_O2 PDB_O2 
LEM-

NMRI98 

Single Air 1,272 86 48.34 47.16 48.67 41.89 39.42 34.06 51.47 

Repetitive and 

Multilevel Air 
284 5 15.44 15.34 15.32 12.49 12.15 10.58 15.74 

Repetitive and 

Multilevel Non-

Air 

128 2 12.25 11.66 12.07 11.05 11.11 10.37 12.40 

Surface 

Decompression 

with Oxygen 

1,456 54 80.24 77.99 79.68 84.14 81.40 73.25 80.03 

Total 3,140 147 156.27 152.2 155.73 149.58 144.07 128.28 164.64 

Pearson  2   N/A N/A 161.12 164.26 157.88 201.05 507.35 705.62 145.67 
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