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Abstract: 
 
Background: Predictive models can offer significant aid in optimizing patient care. However, physiological 
models are imperfect due to errors or biases in modeling, identification, and/or the data used to personalize them. 
Data collection, model identification, and model prediction can all include inevitable errors and uncertainties 
which propagate and impact model prediction. Error propagation and uncertainty analysis are helpful for 
understanding model development, and yield insights into model design and potential improvement. 
 
Methods: A well-validated predictive lung mechanics model is analyzed step-by-step through model 
identification and prediction to analyze four different types of uncertainties from input data, parameter 
estimation, model structure, and prediction. Propagated errors are analyzed as well. Data from 18 volume-
controlled ventilation patients undergoing a staircase recruitment maneuver is used to assess overall prediction 
error for peak-inspiratory pressure (PIP) at different levels of positive end expiratory pressure (PEEP).  
 
Results: Uncertainties for three segments of a pressure-volume (P-V) loop during inspiration and associated 
PIP prediction errors indicate error cancellation occurs as overall error is lower than the sum of each specific 
error. It arises partially from differently signed errors cancelling during propagation and partially due to model 
structure. Model structure plays an important role in overall model performance robustness and cannot be 
isolated and analyzed alone.  
 
Conclusion: To develop an effective physiological model, moderate simplification while retaining 
physiologically relevant features is necessary to ensure model identifiability and robustness. Errors and 
uncertainties arise from the combination of model structure and error propagation in identified model 
predictions. In the nonlinear mechanics model analyzed, these errors tend to be cancelled leading to lower 
overall prediction errors. Overall, physiological models used to guide care are increasing and should examine 
specific sources of error propagation and their impact on overall outcome prediction error to better understand 
the causes. The approach presented provides a generalizable overall template for such analyses.  
 
Keywords: Error propagation, Uncertainty analysis, Predictive model, Lung mechanics, Mechanical 
Ventilation, Virtual patient.  
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1 Introduction 
 

Predictive models have been studied in mechanical ventilation (MV) and other medical areas for over 20 years, 

aiming to provide better, safer, and personalized care for patients and lower the burden on clinicians and hospital 

costs [1–3]. For MV, accurate predictions can be used to test new ventilator settings and reduce unintended 

harm to alveoli by testing and avoiding unnecessary and/or inappropriate settings [4,5]. An effective predictive 

model should be identifiable, capture physiologically-relevant patient-specific metrics, and provide accurate 

predictions of patient-specific response to treatment changes.  

 

Some lung mechanics models successfully capture lung mechanics and dynamics at varying levels of 

complexity [6–17], as summarized in [18,19]. Models with higher complexity, such as multi-scale and finite 

element models, can simulate biomechanical behavior at the alveolar level with precise boundary conditions or 

medical images [20,21]. Simpler models requiring less computer power are more appropriate and thus more 

practically identifiable and thus efficient to estimate and identify lung function parameters with limited and 

rapidly changing data [1,18,20,22–24]. However, accurate predictions are more difficult and relatively far fewer 

studies accurately predict patient-specific pressure and volume responses to changes in MV care [25–29].  

 

To develop an effective lung mechanics model to guide MV, the first issue is to determine the input data 

available, and, given these inputs, the features are able to be identified relative to clinical goals [19,22]. To 

personalize models, patient-specific features and model parameters are identified from data, and thus 

identification uncertainty occurs mainly due to the natural variability of patients, as well as the combination of 

model structure, identification method, and error in measured data [30,31]. Identified patient-specific model 

parameters can be used to generate model output predictions for any given change in care, where structural 

errors arise yielding inaccurate predictions due to model assumptions and complexity [30,32,33]. Overall, in 

this process, errors and uncertainties are integrated and propagated, and eventually, in combination, impact 

model prediction accuracy.  

 



Uncertainties and errors exist everywhere in biomedical modelling [34–36] and similar biological and 

environmental modeling [33,37–39]. Given model complexity, errors and uncertainties are not simply added up 

or calculable in a simple way. Usually, the interactions of measurement, computational, and identification errors 

can be complex, even in a relatively simple model. Meanwhile, prediction accuracy and modelling errors may 

not act in proportional relationship and/or errors may cancel yielding a more accurate appearing total or overall 

prediction, despite larger, potentially unrealistic or non-physiological internal errors. Currently, uncertainty 

analysis and error propagation research in lung modelling field is commonly complicated and more interested 

in complex models, analyzing the robustness of the developed model and error source which thus can improve 

the model design and its application in practice [21,40–44]. For simpler models, less research is found due to 

only a few studies capable of delineating error sources in lung mechanics models [25–29].  

 

The main goal of this study is to show the progress and contributions of error propagation for a well-validated 

predictive virtual-patient lung mechanics model [25,26,28], and to investigate the influence and significance of 

each of the modelled variables on model outcome prediction. In particular, the effects for each type of error and 

uncertainty are delineated to assess where errors may be large, small, or cancel, as well as thus delineating the 

sensitivity of identified variables on model predictions as a function of input data and model structure. 

  



2 Methods 
2.1 Uncertainty types 

There are 4 types of uncertainty considered: Type 1: input data uncertainty in measuring physiological variables 

[45], and includes measurement error and data noise, which is from clinical data in this work; Type 2: parameter 

uncertainty, which is caused by estimation (identification) from natural variation in systems [30,45] and usually 

increases as the degree of model simplification increases, such as the error yielded in a curve-fitting procedure; 

Type 3: structural uncertainty, the errors yielded by chosen model structure, which interacts with other errors in 

yielding overall model prediction performance [33]; and finally Type 4: outcome prediction uncertainty or error, 

yielded by the prediction functions, such as basis functions [25,27,29], and/or model applied. This analysis is 

applied to a nonlinear model of lung mechanics used to predict outcome patient response to input changes in 

MV care [25,26,28]. 

 

2.2 Uncertainty analysis in hysteresis lung mechanics (HLM) model 

2.2.1 HLM model and relevant uncertainties  

The HLM lung mechanics model has demonstrated overall high accuracy levels in predicting clinically relevant 

peak pressures and volumes in MV including distension risk [25,26,28]. It is adapted to respiratory pressure-

volume (PV) loop analysis [26,28,46,47]. This study uses the same prediction basis functions, model, and 

clinical trial data in [26].  

 

Uncertainties in identified parameters and output predictions are influenced by model structure, defined [26,28]: 

 

𝑓!(𝑡) + 𝑃𝐸𝐸𝑃 = 𝑉̈ + 𝑅𝑉̇ + 𝐾"𝑉 + 𝐾#$𝑉#$ + 𝐾#%𝑉#% (1) 

 

where 𝑓!(𝑡) is the steady-state input force, which is the driving pressure for applied breath, 𝑃(𝑡) 	− 	PEEP. 𝑃(𝑡) 

is the airway pressure waveform. PEEP is the positive end-expiratory pressure. V is the volume of air delivered 

to the lungs, Vh1 and Vh2 are hysteretic volume response during inspiration and expiration, respectively. R is the 



airway resistance. Ke represents the alveolar recruitment elastance, named 𝑘2 in this approach. Kh1 and Kh2, are 

determined by two nonlinear hysteretic springs for alveolar hysteresis elastance during inspiration and 

expiration, respectively, which are calculated with identified elastances. The detailed formulations for 

calculating and identifying each parameter can be found in [28].  

 

Measured model input data comprises airway pressure and flow, and can be defined: 

 

𝐷𝑎𝑡𝑎&'()* = {𝑃8𝑡, 𝑒(;, 𝑄8𝑡, 𝑒+;, 𝑃𝐸𝐸𝑃} (2) 

 

Where 𝑒( and 𝑒+ , Type 1 errors, are the random deviation from measured trajectories of airway pressure and 

flow, P(t) and Q(t). Volume, V(t), is the single integral of flow, Q(t), over time.  

 

This measured nonlinear P-V loop is broken down and identified as linear segments (Figure 1), where this 

linear approximation is calculated with its own parameter/variable uncertainties:  

 

𝑉𝑎𝑟 = 𝑉𝑎𝑟,(*&-./ + 𝑒0.1 (3) 

 

Where 𝑉𝑎𝑟 represents all involved parameters and variables input into HLM. 𝑉𝑎𝑟,(*&-./ are the optimal values, 

which only exist in ideal and theoretical situations. No model is perfect, especially in physiological modelling. 

Hence, Type 2 error, 𝑒0.1, the deviation for parameters/variables by identification caused by natural variability 

and possible random deviation, i.e. Type 1 errors (𝑒( and 𝑒+) from input data (Equation 2), exists.  

 

Once all required data are put into the HLM to identify the model and then reconstruct the P-V loop, structural 

model uncertainty, Type 3 error, arises. Model output thus can be generated by combining Equations (1)-(3): 

 

𝑓!(𝑡),)*()* =	𝑓!8𝐷𝑎𝑡𝑎&'()* , 𝑉𝑎𝑟; + 𝑒2" (4) 

𝑒,)*()* =	𝑓!8𝑒(, 𝑒+ , 𝑒0.1; + 𝑒2" (5) 



 

Where 𝑒2"  is the structural uncertainty, Type 3 error. 𝑓!(𝑡),)*()*  is the actual model output. 𝑒,)*()*  is the 

yielded error in model output.  

 

Finally, model outputs can be predicted for any change of input parameters related to care, yielding an outcome 

prediction uncertainty, Type 4 error. In particular, the identified HLM model is used to generate and predict a 

P-V loop for a new set of MV settings or inputs. This prediction has errors related to all these uncertainties. 

Table 1 summarizes all the parameters and variables involved.  

 

Table 1: Involved variables/parameters in HLM. All the variables and parameters can be found in Figures 1-2. 
The prediction functions can all be found in the previous published work [26]. Subscription ‘𝑖’ indicates the 
predicted values, and ‘1’ indicates the identified value at baseline PEEP level.  

Variables 
/Parameters Property Prediction/Calculation equations 

Pstart Estimated =	𝑃2*.1*3$ 	+ 	∆𝑃𝐸𝐸𝑃 

k1 Keep constant  Identified at baseline PEEP level, and no predictions 

VLIP Predicted, 𝑉4563& 
= 𝑉4563$ ∗ Emin I

𝑃1
𝑃𝐸𝐸𝑃-.7

,
𝑃𝐸𝐸𝑃-.7

𝑃1
J − I

Δ𝑃𝐸𝐸𝑃
𝑃𝐸𝐸𝑃-.7

J
%
L 

Where 𝑃1 = max8𝑃(𝑡); − min8𝑃(𝑡); at baseline 𝑃𝐸𝐸𝑃$, 
and 𝑃𝐸𝐸𝑃-.7 = 24 cmH2O 

PLIP Yielded by Pstart, k1, VLIP = 𝑘1 ∗ 𝑉4563& +	𝑃2*.1*  

k2 Predicted, 𝑘2& 
= I

𝑃𝐸𝐸𝑃&
𝑘1

+
𝑘2$
𝑘1

∗ 𝑒8∗
6::6!
;$ J ∗ 𝑘1 

Where 𝑏 = ;$
6::6"

∗ log ;%"36::6"
;%"

 

VUIP Keep constant  Identified at baseline PEEP level, and no predictions 

PUIP Yielded by LIP position, 
VUIP, predicted k2  = 𝑘2& ∗ (𝑉<56 −	𝑉456) 	+	𝑃456  

k2end Predicted, 𝑘2𝑒𝑛𝑑& 
= I

𝑃𝐸𝐸𝑃&
𝑘2&

+
𝑘2𝑒𝑛𝑑$
𝑘2$

∗ (𝜃1 + (Δ𝑃𝐸𝐸𝑃 ∗ 𝜃2)%)	J ∗ 𝑘2& 

Where 𝜃1 = ;%"'="36::6"
;%"'="

, 𝜃2 = ::4!"
65!"3::4!"

 

VPIP Keep constant  Identified at baseline PEEP level, and no predictions 

PPIP Yielded by UIP position, 
VPIP, predicted k2end = 𝑘2𝑒𝑛𝑑& ∗ (𝑉656 −	𝑉<56) 	+	𝑃<56 

 



The significance of the influence and interaction complexity among all involved parameters/variables may differ 

from model to model. To give a clear idea on how HLM works, and the relative parameters/variables involved 

in each step, a real example of the entire identification and estimation procedure is presented step by step in 

Figure 1. The identified patient-specific model prediction process is shown in Figure 2.  

 
Figure 1: Identification flowchart step by step. Blue dots are the clinical P-V loop, while other straight dashed 
lines are identified elastances. PIP = peak inspiratory pressure. PEEP = positive-end-expiratory-pressure.  
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Figure 2:Prediction flowchart step by step. Blue dots and black straight lines are clinical data and identified 
elastances. Orange lines are the generated prediction P-V loop. 
 

2.2.2 Uncertainty analysis 

Uncertainties exist in every step of identification and prediction presented in Figures 1-2. The data adopted in 

this study is from volume-controlled ventilation (VCV), where the delivered volume (flow) is under control and 

the resulting pressure arising from this input is unknown. Hence, the pressure differences in PIP, or ∆PIP, are 

the final prediction errors.  

 

To analyze the errors propagation and the error contribution for final model output in the prediction procedure, 

the inspiration phase can be simplified with global coordinates and defines the P-V loop starting point, (Pstart, 

Vstart), to be the origin, (0, 0), as shown in Figure 3. This figure shows the separate segments and sets relative 

coordinates for use in later analysis. The three segments noted and their resulting points all may have overall 

errors from the interaction of all four error types, which are not separable. 
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Figure 3: Inspiration phase simplification with global coordinates and the 3 separate segments with relative 
coordinates. Dashed lines are the schematic illustrations of the confidence ranges due to all forms of error, which 
sum to resulting errors in lower and upper inflection points (LIP and UIP) and along the segments. The error of 
each segment can be addressed individually and then propagated to a sum. 
 

Using Figure 3, for each segment, the uncertainty in any prediction (Table 1) of the main coordinates can be 

calculated: 

 

Δ𝐴7 = ±(𝑃4563>/&'&>./ − 𝑃2*.1*)XI
𝑉4563(1"=&>*"= − 𝑉4563>/&'&>./

𝑉4563>/&'&>./ − 𝑉2*.1*
J
%

+ E
𝑘1?&7"= − 𝑘1>/&'&>./

𝑘1>/&'&>./
L
%

(6) 

Δ𝐵7 = ±(𝑃<563>/&'&>./ − 𝑃4563>/&'&>./)XI
𝑉<563?&7"= − 𝑉<563>/&'&>./
𝑉<563>/&'&>./ − 𝑉4563>/&'&>./

J
%

+ E
𝑘2(1"=&>*"= − 𝑘2>/&'&>./

𝑘2>/&'&>./
L
%

(7) 

Δ𝐶7 = ±(𝑃6563>/&'&>./ − 𝑃<563>/&'&>./)XI
𝑉6563?&7"= − 𝑉6563>/&'&>./
𝑉6563>/&'&>./ − 𝑉<563>/&'&>./

J
%

+ E
𝑘2𝑒𝑛𝑑(1"=&>*"= − 𝑘2𝑒𝑛𝑑>/&'&>./

𝑘2𝑒𝑛𝑑>/&'&>./
L
%

(8) 

 

Where Vstart = 0 L. ∆Ax, ∆Bx, and ∆Cx represent the segment uncertainties for segments k1, k2, and k2end, 

respectively. 𝐴7^̂^̂  and 𝐴@^̂^̂  are the coordinates for LIPclinical; 𝐵7^̂ ^ and 𝐵@^̂ ^ are UIPclinical; 𝐶7^̂ ^ and 𝐶@^̂ ^ are PIPclinical in a 

real P-V loop.  
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Combining Equations (6)-(8) yields:  

 

Δ𝑃𝐼𝑃7 ≈	±aΔ𝐴7% + Δ𝐵7% + Δ𝐶7% (9) 

 

Where ΔPIPx represents the propagated PIP error calculated by Equations (6)-(8). Note, ΔPIPx error only 

considered error propagation effect, while ignoring the error cancellation by signs of ∆Ax, ∆Bx, and ∆Cx. 

However, as stated in Equations (6)-(8), they all are ± values.  

 

Elastance identification quality and prediction errors are analyzed in relation to segment uncertainty from 

Equations (6)-(9) and model output (∆PIP). A brief comparison and discussion about modelled 

parameters/variables versus the real ones for model performance is also provided. The examined baseline PEEP 

levels are set to be 10 cmH2O for all patients, while prediction levels are at 8 cmH2O (backwards prediction), 

and 12 cmH2O (forward prediction). The prediction functions from Table 1 are applied for both backwards and 

forwards predictions, where the backwards predictions are first introduced and are different from previous work, 

which considered only forward predictions to higher PEEP. However, in both directions, the prediction method 

remains the same. 

 

2.2.3 Study Design and Workflow 

First, the error introduced from each segment (k1, k2, and k2end segments) during prediction for model output 

is analyzed and compared to study the error cancelation and give a general look for error propagation with 

Equations (6)-(9) in Section 3.1. Then, as shown in Figure 3, the three segments contain three elastances (k1, 

k2, and k2end) separated by two turning points (LIP and UIP). The elastance prediction errors are thus analyzed 

to study the contribution to the segment errors in Section 3.2. 

 

Then variables are grouped into 3 types during prediction (as stated in Figure 2): keeping as constant, 

modelled/calculated, and predicted with functions. The comparison of model output, PIP errors, is analyzed as 



the standard to evaluate whether real clinical variables or model-defined/predicted variables are more 

appropriate in Section 3.3. Finally, all results will be discussed from the perspective of model design and 

performance optimization. 

 

2.3 Patient data 

The  McREM trial was conducted across eight German university ICUs from September 2000 to February 2002 

[48]. Airway pressure and flow data are collected via Evita4Lab systems (Draeger Medical, Lübeck, Germany) 

and sampled at 125 Hz. Patients were ventilated under VCV with square shape flow waveform while tidal 

volume was targeted at 8±2 mL/kg body weight. All patients were ventilated in the supine position while sedated 

to achieve a Ramsay sedation score of 4–5 [48].  

 

Each patient in McREM underwent one incremental staircase recruitment maneuver (RM) via 2cmH2O steps 

starting from PEEP = 0 cmH2O (ZEEP). Patient demographics are provided in the online Appendix, while all 

patients have some level of ARDS, as defined by PaO2/FiO2 (P/F) ratio, P/F < 300 mmHg [49]. During 

ventilation, an end-inspiratory hold ≥ 0.2 s is applied for each breath. The number of PEEP levels applied for 

each patient varies from 6 to 14 steps, yielding a total of 196 cases (PEEP steps) with maximum PEEP ranging 

over 10-26 cmH2O [48]. With PEEP settings explained in Section 2.2, the examined PEEP levels yield a total 

number of 36 cases in prediction and 18 cases in identification. Patient 19 is excluded for the insufficient PEEP 

levels to keep consistent with others (highest PEEP = 10 cmH2O).  

 

The patients in this study all have relatively low P/F ratios due to ARDS or severe ARDS. Thus, the P-V loops 

are representative of this cohort and may vary in patients with less severe ARDS who are nonetheless under 

invasive MV for other reasons. If these other patients have distorted P-V loops due to this difference in condition, 

then the methods may not be as applicable. However, prior work [25,26,28] shows the ability to capture a wide 

range of P-V loops, including asynchrony [47]. Thus, we are confident we can capture the full range of patient 

behaviors, but would require a more comprehensive study to confirm this outcome. 

  



3 Results  
3.1 Uncertainty in three segments, k1, k2, k2end 

Figure 4 presents the uncertainties for 3 segments calculated with Equations (6)-(8) and the comparison to 

DPIPx errors from Equation (9) when predicting PIP at a PEEP of 12 cmH2O from a model identified at PEEP 

of 10 cmH2O. The comparison with model-yielded PIP errors shows the error propagation and cancellation due 

to sign of the errors and the influence of model structure for most of the patients. The larger the difference 

between DPIPx and model-yielded PIP prediction error, the larger the error cancelation exists. Note, all errors 

are presented in absolute values (positive) for clearer visualization but are all signed errors per Equations (6)-

(9), as well as for the actual model-yielded PIP errors. Figure 5 presents the same data at the “backward” 

prediction to a PEEP = 8 cmH2O from the same identified model at PEEP = 10 cmH2O.  

 

 
Figure 4: Error propagation and the comparison of ∆Ax, ∆Bx, and ∆Cx to PIPx errors, while real PIP model-
yielded error shows the error cancellation from the signed prediction errors and model structure. All presented 
errors are absolute. PEEP is at a forward prediction level of 12 cmH2O.  
 

Figure 6 shows the predicted P-V loops at 12 cmH2O for Patients 13 and 17 with similar ∆Ax, ∆Bx, and ∆Cx 

comparison and PIPx. However, Patient 17 yields a much larger PIP error than Patient 13, -3.57 cmH2O 

compared to 0.35 cmH2O. The PIP error for Patient 17 mainly results from inaccurate LIP position and k2end 



elastance prediction undershoot as shown. Patient 17 also had the lowest P/F ratio = 75 mmHg < 100 mmHg 

(considered as severe acute respiratory distress syndrome, ARDS [49]) versus P/F ratio = 143-298 mmHg (mild 

to moderate ARDS [49]) for the others, which may be more indicative of the patient condition than of the model 

structure. Detailed patient demographic and diagnostic information is available in the supplemental Appendix.  

 

 
Figure 5: Error propagation and the comparison of ∆Ax, ∆Bx, and ∆Cx to PIPx errors, while real PIP model-
yielded error shows the error cancellation from the signed prediction errors and model structure. All presented 
errors are absolute. PEEP is at a backward prediction level of 8 cmH2O.  
 

Patient 9 and Patient 8 are the other comparison in Figure 6 with similar PIP error while ∆Ax and ∆Bx are the 

main contribution to PIPx for each, 66% and 71%, respectively. For Patient 9, the larger ∆Ax originates from the 

relatively larger VLIP prediction error and k1 elastance value used. Meanwhile, the k2end prediction is 

suboptimal as well and thus enlarges the PIP error. In contrast, the VLIP and k1 predictions are better in Patient 

8, and the k2 predictions are similar.   



Patient 13: Large error cancellation Patient 17: Minor error cancellation 

  
Patient 9: Large ∆Ax with low PIP error Patient 8: Large ∆Bx with low PIP error 

  
Patient 14: PIP error > PIPx Patient 4: Similar PIPx with Patient 14 

    with PIP error < PIPx 

  
Figure 6: Predicted P-V loops for (upper panel) Patients 13 and 17 for large and minor error cancellation 
comparison; (middle panel) Patients 8 and 9 for similar PIP errors where the PIPx is mainly contributed by ∆Bx 
and ∆Ax, respectively; (lower panel) Patients 4 and 14 are with similar ∆Ax, ∆Bx, and ∆Cx, while Patient 4 is 
observed with error cancellation benefits and Patient 14 is with no error cancellation. The related key variables 
(clinical/identification and prediction values) are provided, while units are omitted.  



Patient 14 is observed with real PIP error greater than PIPx for forwards prediction at PEEP = 12 cmH2O, where 

all four key predictions are overestimated. To compare, the similar proportion of ∆Ax, ∆Bx, and ∆Cx (so is ∆PIPx) 

are yielded in Patient 4. However, the underestimated k1 elastance largely compensates the overshoot of VLIP 

and k2end elastance and thus result in a lower PIP error, 1.13 cmH2O compared to 2.35 cmH2O in Patient 14. 

At prediction level PEEP = 8 cmH2O, backwards prediction in Figure 5, Patients 11 has a noticeable PIPx > 

PIP prediction error, which resulted by overestimated k2 value. The prediction P-V loops for all 18 patients at 

both PEEP levels are attached to the supplemental Appendix.  

 

3.2 Variable uncertainties 

Figures 7-8 compare signed elastance prediction errors (%) for each limb of the inspiratory P-V loop in Figure 

3 with the margin of error (±∆, in percentage) and the model-yielded PIP prediction error (%) for the forward 

prediction to PEEP = 12 cmH2O and backward prediction to PEEP = 8 cmH2O from PEEP = 10 cmH2O, 

respectively. Table 2 provides the three elastance, k1, k2, and k2end, identification outcome at PEEP = 10 

cmH2O. The margins of error are all calculated as the 95% confidence interval. Matched with Figures 4-5, k1 

segment yields the largest uncertainty and low precision for k1 elastance identification. In contrast, the elastance 

identification average errors are ±1.5% for k2 (excluding Patient 7) and 3.4% for k2end, as shown in Table 2.  

 

 
Figure 7: Elastance prediction errors (%) with margin of error are compared with PIP prediction error (%) 
yielded by model. Note the y-axis of k1 errors is on the right. Prediction level at PEEP = 8 cmH2O (backwards). 
 



 
Figure 8: Elastance prediction errors (%) with margin of error are compared with PIP prediction error (%) 
yielded by model. Note the y-axis of k1 errors is on the right. Prediction level at PEEP = 12 cmH2O (forwards). 
 

Table 2: The elastances k1, k2, and k2end (cmH2O/L) identified at PEEP = 10 cmH2O and the margin of error 
(±∆, in value and percentage) of confidence interval = 95%. 
 k1 k2 k2end 
 value ±∆ ±∆ (%) value ±∆ ±∆ (%) value ±∆ ±∆ (%) 
Patient 1 135.3 284.8 210.5% 30.3 0.16 0.5% 42.1 0.97 2.3% 
Patient 2 288.7 168.7 58.4% 17.5 0.11 0.6% 22.2 1.00 4.5% 
Patient 3 327.5 184.6 56.4% 37.0 0.70 1.9% 39.3 0.88 2.2% 
Patient 4 205.5 46.4 22.6% 66.9 0.56 0.8% 72.8 1.23 1.7% 
Patient 5 379.2 182.0 48.0% 40.9 0.31 0.8% 65.1 1.56 2.4% 
Patient 6 272.6 688.9 252.7% 25.2 0.10 0.4% 29.6 0.84 2.9% 
Patient 7 407.2 66.7 16.4% 12.9 1.70 13.2% 26.2 2.55 9.7% 
Patient 8 334.5 69.3 20.7% 45.3 1.68 3.7% 51.4 2.26 4.4% 
Patient 9 307.5 209.8 68.2% 25.2 0.25 1.0% 33.8 1.12 3.3% 
Patient 10 646.3 324.2 50.2% 24.2 0.10 0.4% 38.9 1.44 3.7% 
Patient 11 421.8 82.6 19.6% 19.1 1.16 6.1% 18.8 0.51 2.7% 
Patient 12 301.9 39.8 13.2% 15.1 0.13 0.8% 19.4 0.66 3.4% 
Patient 13 79.0 179.2 226.8% 71.2 0.29 0.4% 104.2 1.67 1.6% 
Patient 14 459.4 162.1 35.3% 23.5 0.57 2.4% 21.7 0.69 3.2% 
Patient 15 416.1 150.4 36.1% 21.9 0.51 2.3% 24.9 0.54 2.2% 
Patient 16 231.9 130.0 56.1% 33.7 0.32 1.0% 37.9 1.09 2.9% 
Patient 17 191.7 49.7 26.0% 48.8 0.69 1.4% 78.2 3.23 4.1% 
Patient 18 211.6 142.5 67.4% 34.1 0.41 1.2% 46.4 1.69 3.6% 

 

3.3 Modelled variables vs clinical variables 

Figure 9 shows an example of the influence of VLIP values in Figure 3 on final PIP predictions with predicted 

and clinical values. First, the error differences are minor as expected given on the small values of VLIP, showing 

the robustness of HLM model at the meantime. Second, VLIP predictions are good in this patient for backward 



prediction to PEEP = 8 cmH2O, with an error within 2%. However, for forward prediction to PEEP = 12 cmH2O, 

the PIP error is unexpectedly smaller with predicted VLIP instead of the real, clinical value (0.003 L in prediction 

difference, 38.5% in percentage error), which appears large due to the very small value of volume.  

 

 
Figure 9: Examples for PIP prediction error (cmH2O) comparison using clinical and predicted VLIP over PEEP. 
The contrast for identified and predicted variables of k2, k2end, and VLIP are also provided. Blue circles are the 
clinical P-V loop; orange cycles are predictions with predicted VLIP; dashed grey cycles are predictions with 
clinical/identified VLIP at the prediction level, while corresponding yielded PIP errors are noted in the same 
color. The second P-V loop on the left column is the identification case. 
 

Figure 10 provides paired PIP prediction errors comparison for all 18 patients at the 2 prediction levels. It can 

be generally seen the prediction performance is more stable and better with predicted/modelled VLIP other than 



using the real, clinical values. It is necessary to note the LIP is affected by VLIP, elastance k1, and Pstart jointly, 

while only VLIP is predicted (Table 1).  

 

 
Figure 10: Boxplot for paired PIP prediction errors comparison between clinical (left boxes) and predicted 
(right boxes) VLIP from a PEEP of 10 cmH2O to (left panel) 8 cmH2O and (right panel) 12 cmH2O.  



4 Discussion 
In Section 3.1, the error propagation and the final yielded prediction outcome are presented and compared. Error 

cancellation and model structure play an important role for model output accuracy. In Sections 3.2, it shows this 

model structure also provides great robustness for the model output. PIP errors are small overall even with 

relatively large elastance prediction error. In Section 3.3, the modelled variables with error could be more 

beneficial for the model compared to real variables, especially if the real variable is from variable and 

unpredictable dynamics (Figure 9, VLIP values over PEEP) in patient data.  

 

4.1 HLM model design  

The predicted P-V loop has smooth curvature at LIP and UIP in Figure 6 because the HLM model and 

identification procedure assures the curvature at each turning point evolves to suit the input patient data at the 

baseline PEEP level (model training). The function is fulfilled by the novelty, intrinsic feature of the HLM 

model to which previously widely used in civil engineering to estimate the hysteresis response of structural 

system in earthquakes [50]. Then, the modelled curvature can compensate for the possible unideal identification 

due to any type of error, as in Equations (2)-(3). Furthermore, the curvature features can have more advantages 

in patients in other MV modes, such as pressure-controlled ventilation [25], enhancing the generality application 

of HLM in ventilation care.  

 

In HLM, the nonlinear P-V loop is identified as multiple segments by design. Some research tried to do 

nonlinear identification/fitting for the P-V loop [51], or pressure or volume over time trajectories [52–54]. 

Similar efforts with similar loops in civil engineering have yielded poor results, as well [55]. Overall, the 

physiological phenomenon is not simple, and increased complexity in the model or its identification does not 

necessarily offer great improvement and comes at the risk of over-fitting.  

 

The physiological curvature at each turning point influences spatial position of each segment in the identified 

model. In Figure 6, the much larger ∆Bx in Patient 8 could be generated from greater curvature at LIP during 

calculation, compared to the sharper turning curvature in Patient 9 with similar k2 prediction accuracy. This 



comparison shows how model structure in the form of the modelled P-V loop curvature stabilizes the model 

performance and thus the resulting PIP prediction. This influence can also be partly seen in the large uncertainty 

in k2 segment (Figure 4), but smaller errors in its elastance predictions (Figures 7-8 and Table 2), which are 

influenced by both LIP and UIP positions (Equation (7)). 

 

Meanwhile, with increasing number of variables and parameters in the model, increased model complexity, 

lower tolerance of random errors, and physiological information losses are the more severe issues to solve [45]. 

Currently, a few nonlinear approaches can successfully capture patient-specific, physiologically relevant 

features [52], but have limitations for automatic application [46]. Currently, none of them offers prediction 

quality similar to the model used here.  

 

4.2 Uncertainties  

In this study, data uncertainties can be seen in Figure 6. A more variable inspiration phase can be observed in 

Patients 13 and 17 (Patients 2, 5, 7, 12, and 15 in the supplemental Appendix). Identification quality (parameter 

uncertainties) is thus affected, as shown in Table 2. k1 elastance values are dramatically variable varying from 

79.0 to 646.3 cmH2O/L across patients with margin of error = 13.2% – 252.7%, within confidence interval = 

95%. It is affected by data uncertainties and inherent characteristics in breath data jointly, where the latter is the 

main contribution. The segment of k1 is the beginning of inspiration (breath) and thus can be the most unstable 

(and less linear) segment in a P-V loop. Meanwhile, it is a short segment which usually contains less than 10 

data points (≤0.08 seconds, sampling rate 125 Hz for the clinical trial studied) as airways fill rapidly with rapid 

pressure rise before recruiting significant lung volume. This short segment can also depend on specific ventilator 

pump dynamics. Therefore, the large uncertainties in this segment are reasonable as the identification is based 

on limited and sometimes noisy data.  

 

Segment k1 is much more variable compared to k2 and k2end which naturally comes with large uncertainties 

due to breath dynamics characteristics. Figure 10, which shows the current applied prediction function for 

segment k1 yields a robust performance in final PIP predictions, indicates for a simulation and prediction model 



it may not be necessary to have extreme high accuracy for all model input variables, which in this case is an 

indication of this model’s robustness. A similar situation arises with k1 elastance, which currently keeps 

constant since identification (no prediction function). To conclude, the current prediction functions combined 

for k1 and VLIP (Table 1) with HLM model (curvature features) is validated to be effective and robust in prior 

works [26,56]. Hence, moderate simplification for required variables can enhance model robustness and 

performance.  

 

In Figure 4, for 16 out of 18 patients at prediction level PEEP = 12 cmH2O, the actual model prediction errors 

are noticeably lower than DPIPx errors calculated by ∆Ax, ∆Bx, and ∆Cx in Equations (6)-(9). Meanwhile ∆Ax 

usually yields the largest and most variable uncertainty/error, with an average value of 1.23 cmH2O (1.08 

cmH2O for ∆Bx and 0.55 cmH2O for ∆Cx). ∆Bx is as variable as ∆Ax, while ∆Cx is relatively the most stable with 

the smallest errors. The possible reason for this performance could be the difficulty identifying and predicting 

the k1 segment, as discussed previously, yielding large variations in the identified k1 elastance and associated 

LIP position. Similar performance is observed in Figure 5 for backward prediction at PEEP = 8 cmH2O.  

 

The spatial position of k2 segment in the next step in prediction is subsequently influenced by this LIP position, 

k2 elastance prediction, and thus UIP positions (Table 1 and Equation (7)) which may see this error propagation 

as seen in ∆Bx. Further, the k2end segment at the end of the inspiratory limb of the P-V loop with lowest ∆Cx 

variation is impacted by the resulting UIP point as well. The end PIP error should not theoretically be larger 

than the sum in Equation (9), PIPx, which holds for all but Patients 14 and 17. For Patient 14 shows minimal 

error cancelation while Patient 17 is more resulted by its severe condition (lowest P/F ratio) than other patients 

leading to less ideal prediction performance. The much lower errors for many patients indicate higher levels of 

error cancellation across these three errors and any added impact of model structure, which likely indicates an 

overall robustness in the model structure and identification / prediction methods. 

 

Elastances k2 and k2end have overall accurate predictions and a moderate confidence range, while the k1 

segment shows more uncertainty mostly due to limited segment samples which resulted by breath characteristics, 

as shown in Figures 7-8 and Table 2. Given the model structure and prediction procedure (Figures 1-2) design, 



the three segments and their prediction accuracy are jointly working on the model output, PIP predictions. 

Furthermore, error cancellation can be considered as a feature from model structure since it is not only generated 

by error signs but also spatial positions which could be influenced by HLM model. Hence, as shown in Figures 

4-5, although structure uncertainty is not able to be isolated for analysis, the robustness of prediction and error 

cancellation are the indicators for low model structure uncertainty and strong model robustness and stability.  

 

The whole procedure of identification and prediction and breaking nonlinear P-V loops into linear segments are 

the model simplification by choice and design, which significantly reduce the number of variables required in 

prediction down to three, VLIP, k2, and k2end. In the meantime, uncertainties from identification, prediction, and 

modelling are minimized to a moderate level. As an outcome, the PIP predictions are accurate with a median of 

1.76 cmH2O for a superset predictions of 623 cases in prior study [56]. Furthermore, most of the physiological 

relevant features are preserved and can be used for further study (k2 and k2end  to show the stiffness of patient 

lungs, and can be used to calculate an overdistension metric to estimate the risk of harm [46]).  

 

In the real world, it is hard to simulate and predict the exact evolution of physiological variables for multiple 

reasons, such as variable patient-specific dynamics and evolution (VLIP changes over PEEP in Figure 9), 

identification and prediction errors, model structural errors, and lack of understanding of the underlying process 

[37]. In addition, the human body is a precise and complex system where numerous factors function all together. 

Therefore, a successful predictive model should balance model complexity (simplification), robustness, and 

accuracy, while preserving physiological information as much as possible. As model complexity increases, 

robustness can drop, with no better prediction outcome and the risk of overfitting or loss of physiological 

relevance based on the model structure and approaches employed.  

 

Therefore, when designing a model for biological system, moderate simplification of the studied process should 

be considered for robustness consideration for model performance and prediction accuracy. Meanwhile, keeping 

physiologically relevant features (curvature features in HLM) also contributes to increasing robustness for 

prediction performance, and enhance the underlying mechanics as well. Furthermore, moderate errors for 

variables values (including prediction errors) can be tolerated to minimize the unpredictable variability of 



human dynamics.  

 

  



5 Conclusion 
This study presents a detailed error analysis for the identification and prediction procedure of a clinically 

validated digital twin model for mechanical ventilation. While overall prediction errors are very accurate for 

the volume control case presented, as well as in pressure control, the underlying causes of this accuracy were 

not understood. The error analysis and analysis of its propagation presented in making clinically relevant 

predictions involve many forms of inter-related and often inseparable errors. The overall results delineate the 

elements and model structure areas where error is both highest and lowest relative to the potential total error 

based on summing each element. The result shows the model analyzed is robust to a range of uncertainties. 

Finally, this study offers a better picture of how multiple errors and uncertainties (in data, parameters/variables 

estimation, prediction, and model structure) are involved in this lung mechanics model with moderate 

complexity, and thus yield advice for model design. More importantly, the approach taken is generalizable to 

the growing number of digital twin models emerging for biomedical clinical decision support and provide a 

means of verifying the cause of good, or poor, model prediction errors, which in turn can provide confidence in 

these models and both their capabilities and their limitations.  
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