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Abstract 

The NIOSH Lifting Equation is widely used to evaluate manual material handling tasks 

by identifying lifting risk through load reduction multipliers based on task geometry. 

However, while it provides a means of classifying risk, it does not estimate spinal forces 

and therefore cannot quantify the biomechanical load experienced at the lumbar spine. In 

contrast, biomechanical simulations can estimate spinal compression with high fidelity, 

but they require motion capture systems and specialized software that are not practical 

for most workplace assessments. This study aimed to bridge these approaches by devel-

oping a family of mixed-effect statistical models that predict L4/L5 spinal compression 

forces using the geometric parameters of the NIOSH framework combined with posture-

specific biomechanical descriptors at peak-loading poses extracted from digital simula-

tions. Data were aggregated from multiple experimental lifting studies in which stand-

ardized NIOSH parameters and corresponding spinal compression forces were obtained 

through validated digital human modeling. Mixed-effects regression was used to estab-

lish the relationship between task geometry, joint posture, load weight, and spinal com-

pression. The resulting predictive equation demonstrated strong agreement with simula-

tion-derived forces and effectively captured the contributions of subject, task and body 

positioning to the spinal compression force across diverse lifting tasks. Importantly, the 

variance structure of the model’s coefficients allows the contribution of risk to be at-

tributed either to task-related factors or to subject-specific movement behaviors, reinforc-

ing the safety relevance of the framework. Horizontal reach, vertical hand height, and 

load magnitude emerged as dominant predictors, with trunk posture providing addi-

tional explanatory power. The model offers ergonomists a practical, biomechanics-in-

formed tool that extends the descriptive capacity of the NIOSH framework by enabling 

direct estimation of spinal compression forces without the need for full biomechanical 

simulations. 
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1. Introduction 

Manual material handling continues to be a leading cause of work-related musculo-

skeletal disorders, particularly low back injuries, across diverse industrial environments 

[1–3]. Prior research has demonstrated that low-back disorder risk emerges from interac-
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tions among posture, load magnitude, movement strategy, cumulative exposure, and in-

ternal spinal loading rather than from a single mechanical threshold alone. Foundational 

studies have identified biomechanical loading variables and lifting characteristics as im-

portant contributors to occupational low-back disorders and have highlighted the im-

portance of considering both peak and cumulative exposure when evaluating lifting-re-

lated risk [4–6]. 

To reduce these risks, ergonomists commonly rely on the NIOSH Lifting Equation 

[7], a widely implemented method that quantifies task demands through multiplicative 

factors describing load weight, horizontal and vertical location, asymmetry, coupling 

quality, and task frequency [8–10]. Although highly practical and easy to apply in the 

field, the equation does not estimate spinal loads and cannot represent the complex bio-

mechanical interactions that influence lumbar stress during lifting. Consequently, the 

NIOSH framework is often regarded as an efficient screening tool, yet an incomplete 

model of the mechanisms driving low-back injury risk [11–13]. 

Biomechanical simulations and inverse-dynamics approaches provide a contrasting 

perspective by offering detailed estimates of L4/L5 compression forces based on posture, 

kinematics, anthropometrics, and musculoskeletal loading [14–17]. These models capture 

nonlinear interactions and individual-specific movement strategies, but they require spe-

cialized software, laboratory-grade motion capture, and technical expertise. As a result, 

practitioners face a methodological divide: they may use a simplified tool that is broadly 

accessible but biomechanically limited, or advanced computational models that provide 

high fidelity but are impractical in most workplace assessments. Recent investigations 

have emphasized discrepancies between NIOSH multiplier outputs and simulated spinal 

loads, renewing debate over how well simplified ergonomic formulas can represent the 

multifactorial nature of spinal loading [18–20]. Detailed biomechanical investigations 

have further demonstrated that internal spinal loading varies substantially with task ge-

ometry, trunk motion, and load placement and that variability in compression exposure 

may provide additional information beyond deterministic ergonomic thresholds [21,22]. 

Although both approaches provide valuable insight into lifting safety, they address 

risk from different perspectives and exhibit complementary limitations. Threshold-based 

methods, such as the NIOSH Lifting Equation [23] and commonly cited spinal compres-

sion limits provide practical guidance and support rapid workplace screening, but they 

rely on fixed criteria and therefore offer limited ability to represent variability associated 

with anthropometry, posture selection, and individual lifting strategies [24]. Conversely, 

biomechanical simulations estimate internal loading with greater mechanical realism and 

can capture subject-specific responses, but they require specialized instrumentation and 

computational resources that limit broad implementation. As a result, there remains a 

need for approaches that preserve biomechanical relevance while improving the ability to 

represent variability across subjects and lifting conditions. The present work addresses 

this need by using a statistical framework to relate task descriptors and posture charac-

teristics to spinal compression outcomes across heterogeneous lifting scenarios. 

The present study bridges this gap by developing mixed-effects statistical models 

that link traditional NIOSH lifting parameters and posture descriptors to L4/L5 spinal 

compression forces derived from validated digital human modeling. By aggregating data 

from multiple laboratory studies and harmonizing posture variables across protocols, we 

evaluate the extent to which NIOSH descriptors predict actual biomechanical loading and 

quantify the relative contribution of load, object location, and body posture. The goal is to 

create an empirically grounded, biomechanics-informed extension of the NIOSH frame-

work—one that maintains field usability while improving predictive precision. The pro-

posed models are not intended to replace detailed musculoskeletal analyses but to pro-

vide task-level estimates of spinal compression exposure suitable for ergonomic screening 
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and comparative risk assessment. To our knowledge, this is the first study to derive a 

continuous statistical model of spinal compression based on pooled biomechanical simu-

lations explicitly mapped onto NIOSH lifting parameters. Ultimately, the results offer er-

gonomists a complementary analytical tool that enhances risk assessment capabilities 

without requiring full motion-capture-based simulation. 

2. Materials and Methods 

2.1. Study Overview 

This study developed a statistical framework linking NIOSH lifting parameters to 

spinal compression forces derived from previously published experimental and simula-

tion-based investigations. Compression-force estimates were treated as reference outputs 

from validated digital human modeling rather than as independently derived biomechan-

ical quantities. The pooled dataset was constructed exclusively from information already 

reported in the contributing publications and did not rely on unpublished data or addi-

tional information requested from external investigators. Published posture descriptors, 

biomechanical outputs, and task characteristics were extracted and reorganized into a har-

monized structure suitable for secondary analysis. 

To achieve this objective, we aggregated data from five studies that used consistent 

methodologies based on motion capture, digital human modeling, and biomechanical 

force estimation. From each study, only those postures associated with peak spinal load-

ing were extracted, as these represented the moments most relevant to evaluating lifting 

risk. The resulting pooled dataset enabled the development of regression models that map 

NIOSH task descriptors to L4/L5 spinal compression forces. 

2.2. Ethical Approval 

The present study represents a secondary pooled analysis based exclusively on pre-

viously published and deidentified data. No new human-subject recruitment, data collec-

tion, or participant interaction was performed as part of this work. Accordingly, no addi-

tional institutional review was required for the present analysis. Ethical oversight appli-

cable to the original data collection procedures is described in the corresponding source 

publications. 

2.3. Source Studies and Inclusion Criteria 

Five studies met the criteria for inclusion in the present analysis [14,16,25–27]. Inclu-

sion required that the published studies reported sufficient detail to reconstruct standard-

ized NIOSH descriptors and obtain comparable estimates of L4/L5 compression. Study 

selection, therefore, depended not only on the variables originally measured but also on 

the completeness and compatibility of the reported information. 

These studies spanned a range of occupational and simulated lifting contexts, includ-

ing industrial lifting tasks [26], healthcare patient handling [16], dynamic simulation val-

idation [27], brewery work [14], and virtual reality–based lifting [25]. To ensure method-

ological consistency, each study had to employ motion capture, integrate the captured 

movement into a validated digital human model, and estimate spinal compression forces 

at the L4/L5 segment using inverse dynamics or static/dynamic biomechanical models. 

Additionally, each study needed to include well-defined lifting or load-handling tasks 

with identifiable peak-force postures, and to report sufficient task descriptors to compute 

or infer the relevant NIOSH lifting parameters. This ensured that all extracted postures 

could be represented within a common NIOSH-based task framework. 

A total of 106 peak-loading observations were retained from the five source studies 

after harmonization and posture extraction. Although the number of observations was 
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intentionally restricted to peak-loading postures to preserve biomechanical comparability 

across studies, the resulting dataset captures substantial variation in load magnitude, 

hand location, posture, and participant characteristics. The pooled design, therefore, pri-

oritizes diversity of lifting conditions over dense sampling within any individual task do-

main. 

2.4. Data Harmonization Approach 

Although the source studies differed in task purpose, load mass, and experimental 

environment, a harmonization process was applied to ensure comparability across da-

tasets. Harmonization was performed using only information available in the published 

studies. Reported task descriptors, posture characteristics, and estimated compression 

values were reformaIed into a unified structure to permit consistent comparison and 

mixed-effects analysis across studies. In each study, lifting trials were reviewed, and the 

posture associated with the maximal spinal compression force was identified. These peak-

load postures were selected because they represent the biomechanical extremes most rel-

evant to evaluating instantaneous mechanical demand during lifting tasks. The present 

framework, therefore, focuses on estimating peak spinal compression exposure rather 

than cumulative loading accumulated across the full lifting sequence. Each posture was 

then standardized into a common format that included NIOSH lifting parameters (hori-

zontal distance, vertical location, travel distance, asymmetry, frequency, coupling classi-

fication, and load weight), participant anthropometrics, and the predicted L4/L5 compres-

sion force. Coordinate systems and units were aligned with NIOSH definitions and the 

outputs of the JACK biomechanics engine. When multiple repetitions of a task were avail-

able, their peak-force values were averaged unless the original study design required sep-

arate treatment of individual repetitions. The resulting harmonized dataset allowed all 

postures to be analyzed within a single statistical modeling framework. 

2.5. Task and Pose Extraction 

For the purposes of this study, only the task components from each source paper that 

corresponded to high-load postures were extracted and incorporated into the pooled da-

taset. Despite differences in occupational domain and context, all five studies followed a 

common experimental paIern in which participants performed a defined lifting or load-

handling task under controlled conditions, while posture and spinal loading were esti-

mated through integrated motion-capture and digital human modeling procedures. In 

each case, the investigators identified specific moments within the task that produced the 

highest predicted spinal load, and these moments formed the basis for the present analy-

sis. 

In the industrial lifting study [26], participants lifted or carried loads ranging from 5 

to 10 kg while maintaining standardized foot placement and fixed object positions. The 

analyzed poses included the squat-like posture during floor pickup and a forward-reach-

ing posture when placing the object on an elevated surface. These poses consistently pro-

duced the greatest compression forces in the lumbar spine. 

In the healthcare patient-transfer study [16], participants moved a 25 kg patient man-

nequin from a wheelchair to a hospital bed at two different heights, and also assisted the 

mannequin from siIing to standing. The investigators identified three postures that pro-

duced the highest lumbar loading: a deeply flexed trunk position during initial patient 

lift, a forward-leaning posture when positioning the mannequin over the bed, and an 

asymmetric trunk-bending posture during the sit-to-stand assistance. These postures 

were used in the pooled dataset because they represent typical high-risk moments en-

countered in patient handling. 
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In the virtual reality lifting study [25], participants lifted a 10 kg box from the floor 

and placed it on a table in both a real and a VR environment. The two postures identified 

for analysis were the squaIing posture at load pickup and the trunk-flexed posture during 

object placement. These postures were extracted in both real and virtual environments to 

understand how differences in posture representation might influence the biomechanical 

outputs. 

In the brewery ergonomics study [14], real workers performed two common keg-

handling tasks involving empty (14 kg) and full (72 kg) beer kegs while maintaining nat-

uralistic foot placement and self-selected lifting strategies. In the first task—lifting an 

empty keg from the floor to a 1 m-high cleaning platform—the critical poses were a squat-

like posture during the initial floor pickup and a near-neutral upper-body posture when 

placing the keg on the stand. In the second task—lifting a full 72 kg keg from the floor and 

stacking it on another keg—the highest lumbar forces occurred during a deep-squat re-

trieval posture and during the forward-reaching placement phase while the arms were 

extended. Across both tasks, these postures consistently produced the largest compressive 

forces at L4/L5. 

In addition to these tasks, a digital human modeling validation study [27] contrib-

uted peak-load postures from various repetitive industrial actions generated through Sie-

mens JACK and Task Simulation Builder tools. These postures typically involved either 

maximum trunk flexion or the largest external moment arm between the load and the 

lumbar spine. 

Although the specific tasks varied, each study contributed postures representing bio-

mechanically meaningful loading conditions. By limiting extraction to these peak-load 

postures, the current analysis focuses on those moments that directly influence the rela-

tionship between NIOSH multipliers and spinal compression forces. The harmonized set 

of extracted postures forms the basis for all subsequent statistical modeling. 

2.6. Motion Capture and Data Acquisition 

Although the five source studies employed slightly different data-collection systems, 

all relied on established motion capture protocols ensuring comparable posture estima-

tion across experiments. Two studies used inertial motion capture systems (Xsens MVN 

Awinda, Xsens 3D Motion Tracking Technology, Enschede, The Netherlands), while oth-

ers employed optical motion capture or motion-tracking derived from digital human sim-

ulations. In each case, kinematic data were sampled at frequencies ranging from 60 to 240 

Hz and low-pass filtered using cut-off frequencies appropriate for human lifting move-

ment. Retroreflective or inertial sensors were placed on standard anatomical landmarks, 

following either Plug-in Gait conventions or manufacturer-specified IMU placement pro-

tocols. 

The motion capture systems recorded three-dimensional joint angles, segment orien-

tations, and whole-body postures during each lifting task. Only the frames corresponding 

to the peak-loading postures identified in the source studies were extracted for this anal-

ysis. These frames were selected either based on the maximal L4/L5 compression reported 

in the original study. All extracted kinematic frames were exported as joint-angle sets and 

imported into a common modeling environment for harmonization. 

2.7. Digital Human Modeling Integration 

Across all source studies, posture-dependent loading was estimated using a digital 

human model implemented within the Siemens JACK ergonomics software (v9.0, Siemens 

software, Plano, TX, USA). Although the studies differed in their specific use of inverse 

kinematics or motion-driven animation, each produced a full-body model scaled to the 
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participant’s anthropometrics. The skeletal joints of each digital model were aligned with 

the corresponding motion capture landmarks to ensure accurate reproduction of posture. 

In studies using Xsens [16,17], the DHM_Xsens model was used to drive a biome-

chanically enriched JACK manikin (DHM_JACK). The skeletal mapping between the two 

environments ensured that segment orientations, particularly those of the trunk, pelvis, 

and upper extremities, were reproduced with high fidelity. In studies using optical motion 

capture or Task Simulation Builder (TSB) outputs, posture files were imported directly 

into JACK after appropriate scaling and orientation alignment. 

For the present analysis, all digital human models were standardized to produce pos-

ture outputs in a consistent reference frame. Joint angles for the trunk, hips, knees, shoul-

ders, and elbows were exported for all peak-loading postures and merged into the unified 

dataset. This uniform representation ensured that all biomechanical simulations were 

comparable across the aggregated studies. 

2.8. Biomechanical Estimation of Spinal Compression 

Spinal loading was estimated in all studies using the biomechanics module of the 

Siemens JACK software, which integrates anthropometric scaling, linked-segment inverse 

dynamics, and muscle-force estimation. The L4/L5 joint was selected as the site of interest 

because it is commonly used as the biomechanical reference point for evaluating compres-

sive lumbar loads during lifting. 

For each extracted posture, the model calculated the gravitational and inertial contri-

butions of segmental masses, as well as the external loads applied through the hands. 

Hand forces were either measured experimentally (in VR comparison tasks) or assigned 

based on the mass of the handled object as described in the original studies. When subjects 

supported a patient mannequin or industrial object, the external load magnitude assigned 

to each hand followed the conventions established by the source study. 

The JACK biomechanics engine produced estimates of peak compressive force at 

L4/L5, which were extracted from each posture and entered into the pooled dataset. Be-

cause all models used the same computational engine and similar anthropometric scaling 

procedures, the resulting force estimates were comparable across studies. 

2.9. Mixed-Effects Regression Modeling 

To ensure that the regression framework appropriately captured the biomechanical 

and experimental variability present in the combined dataset, multiple mixed-effects 

model specifications were developed and examined. The models differed in both their 

fixed-effects structure and their treatment of random effects. In some specifications, all 

available biomechanical predictors were included, while in others the set of predictors 

was reduced by removing individual joint-angle variables or task-related factors. This al-

lowed the modeling procedure to explore how sensitive the estimation of L4/L5 compres-

sive force was to the inclusion or exclusion of specific parameters, as well as how consist-

ently different predictors contributed to spinal loading across lifting contexts. Nomencla-

ture for all variables can be found in Table A1. 

Because the dataset contained repeated measurements nested within subjects, tasks, 

and studies, the random-effects structure was also varied across models. Some of the can-

didate models included random intercepts at the subject level only, whereas others intro-

duced random intercepts for both subjects and tasks. A subset of the models further ex-

panded the random-effects structure by introducing random slopes for selected biome-

chanical variables, such as the load or horizontal distance, enabling the model to account 

for subject-specific responses to these parameters. A more complex specification also al-

lowed correlations between random intercepts and random slopes, thereby increasing the 
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capacity of the model to represent heterogeneity in lifting strategies and movement pat-

terns. 

All candidate models were specified as linear mixed-effects regressions predicting 

L4/L5 compression force from task descriptors and posture variables. The predictor vari-

ables included in the model originated from the pooled dataset assembled from the five 

source studies described in Section 2.3 and therefore reflected empirical variability ob-

served across the contributing experiments. No externally defined probability distribu-

tions derived from literature sources were imposed on these predictors. Instead, the sta-

tistical assumptions of the framework were introduced through the mixed-effects formu-

lation, in which random effects and residual errors were modeled as normally distributed 

components and variance parameters were estimated using Restricted Maximum Likeli-

hood (REML). 

In general form, the models can be wriIen as: 

��������� =  �� +  � ����,�

�

���
+ �������� +  �������� + ��������� +   � 

where Compress�  is the estimated L4/L5 compression force (N) for observation !; ��,� are 

fixed-effect predictors (e.g., Load, H, V, Sex, Coupling, and joint angles); �� are fixed-

effect coefficients; �subj���, �task��� and �study��� are random intercepts associated with the 

subject, task, and study corresponding to observation !; and  � is the residual error term. 

Random intercepts are included in each model selectively, as illustrated in Table 1. For 

each model, the fixed-effect predictors ��, their symbols, units, and biomechanical defi-

nitions are summarized in Table A1, while estimated coefficients ��, �� and random in-

tercepts for each model specification are reported in Tables A2 and A3. 

Consistent with standard linear mixed-effects modeling assumptions, the response 

variable was modeled as conditionally Gaussian after accounting for the specified fixed 

and random effects. Random effects and residual errors were assumed to follow zero-

centered normal distributions with variance estimated through restricted maximum like-

lihood estimation (REML). Independence was not assumed globally across all observa-

tions; rather, observations were allowed to share structured variability through the ran-

dom-effects terms, while residual independence was assumed conditionally after account-

ing for subject-, task-, and study-level grouping. 

For models that included subject-specific random slopes, the equation was extended 

as: 

��������� =  �� + � ����,�

�

���
+ ��,������� +  ��,������� + ��,������� "�#$� + �%,�������&� +  � 

where ��,���� and �%,���� represent subject-specific deviations from the population-aver-

age slopes for Load and horizontal distance, respectively (included depending on model 

specification). 

Each model was fiIed using REML in MATLAB 2023a, and the resulting coefficients 

and variance components were recorded. Model comparison was performed using likeli-

hood-based fit statistics (AIC, BIC, log-likelihood, and deviance), residual standard devi-

ation, convergence behavior, coefficient stability, and biomechanical interpretability. For-

mal likelihood ratio tests were not systematically applied because several candidate mod-

els differed simultaneously in fixed-effects composition and random-effects structure and 

therefore were not strictly nested. Consequently, information-theoretic criteria were used 

to compare model quality while accounting for model complexity. Cross-validation and 

external validation procedures were not performed because the limited sample size and 

hierarchical organization of repeated observations nested within subjects and tasks re-
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duced the feasibility of partitioning the data into independent training and testing subsets. 

Therefore, model evaluation focused on internal consistency and stability of parameter 

estimates across model specifications. 

The purpose of this modeling phase was to systematically examine how different 

assumptions about fixed and random effects influence the representation of spinal com-

pression. Table 1 summarizes the structural characteristics of all candidate models, in-

cluding the predictors included in each specification, the random-effects structures that 

were tested, and the corresponding number of fixed parameters, random parameters, and 

covariance components. These models collectively provided a comprehensive foundation 

for understanding how different components of the NIOSH equation and associated joint 

angles contribute to the prediction of spinal loading. 

Table 1. Overview of the mixed-effects model specifications evaluated during the model-develop-

ment process. Each model is described in terms of the predictors it included, the random-effects 

structure applied, and the number of fixed coefficients, random coefficients, and covariance param-

eters that resulted from its design. 

Model Fixed Effects Included '( 
Random-Effects Structure  

)*,( 

Number of 

Fixed Parame-

ters 

Number of Ran-

dom Parameters 

Model 0 

Load, H, V, Sex, Coupling, Hip, 

Knee, Trunk, Shoulder, Elbow, 

Sh_AbdAdd 

None (fixed-effects only; resid-

ual error term only) 
12 0

Model 1 Same fixed effects as Model 0 
Subject intercept; Task inter-

cept; Study intercept 
12 44

Model 2 Same fixed effects as Model 0 Subject intercept; Task intercept 12 42

Model 3  Same fixed effects as Model 0 
Subject intercept + random 

slope for Load; Task intercept 
12 78

Model 4 Same fixed effects as Model 0 

Subject intercept + random 

slopes for Load and H; Task in-

tercept; additional covariance 

terms 

12 114

Model 5 Same fixed effects as Model 0 Subject intercept only 12 36

Model 6 Same fixed effects as Model 0 Task intercept only 12 6

Model 7 
All fixed effects except 

Sh_AbdAdd 
Subject intercept; Task intercept 11 42

Model 8 All fixed effects except Coupling Subject intercept; Task intercept 11 42

Model 9 All fixed effects except KneeFlex Subject intercept; Task intercept 11 42

Model 10  
Load, H, V, Sex, Hip, Knee, 

Trunk, Shoulder, Elbow 
Subject intercept; Task intercept 10 42

Model 11 
Load, H, V, Sex, Hip, Trunk, 

Shoulder, Elbow 
Subject intercept; Task intercept 9 42

3. Results 

The distribution of compression forces, postural variables, and lifting parameters re-

flected substantial variability both within and across participants, tasks, and study proto-

cols. Across all studies, peak L4/L5 compression forces ranged from ~800 N to ~6200 N, 

with an overall mean of 2762.3 N (SD = 1266.5 N). As illustrated in Figure 1, lumbar com-

pressive forces exhibit substantial variability across the horizontal–vertical workspace. 

Lower compressive forces are generally observed at shorter horizontal reaches and mod-

erate vertical hand positions, whereas higher compressive forces are concentrated in re-

gions associated with larger horizontal distances and higher vertical hand heights. Im-
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portantly, Figure 1 also demonstrates that multiple compressive-force magnitudes can oc-

cur at the same hand location, indicating that loading is influenced not only by hand po-

sition but also by external load magnitude and whole-body joint configuration. These 

magnitudes are consistent with published laboratory lifting studies and fall well below 

the 6400 N NIOSH Action Limit, but above the 3400 N Recommended Limit for many 

trials [7]. A total of 106 lifting observations drawn from multiple studies were included in 

the final dataset. Before identifying a final regression model, a series of twelve mixed-

effects model specifications were fiIed to quantify how different combinations of fixed 

and random effects influenced the representation of L4/L5 compressive loading. These 

models ranged from a baseline fixed-effects formulation with no random effects (Model 

0) to increasingly complex mixed-effects structures incorporating random intercepts, ran-

dom slopes, and covariance terms (Models 1–11). 

Each model was evaluated using likelihood-based fit statistics (AIC, BIC, log-likeli-

hood), convergence behavior, and stability of parameter estimates. This systematic com-

parison allowed the modeling framework to isolate the contribution of individual predic-

tors, evaluate the necessity of subject- and task-level random effects, and examine whether 

additional complexity in the random-effects structure improved model performance. 

Table 2 summarizes the model fit indices, including Akaike Information Criterion 

(AIC), Bayesian Information Criterion (BIC), log-likelihood, deviance, and residual stand-

ard deviation. 

 

Figure 1. Distribution of task postures in the horizontal–vertical workspace. Each point represents 

the hand position defined by horizontal distance from the feet (x-axis) and vertical distance from 

the floor (y-axis). Bubble diameter is scaled proportionally to the estimated L4/L5 compression force 

to provide visual comparison of loading magnitude across observations. A reference scale is pro-

vided in the lower-right corner of the figure to facilitate interpretation of bubble size. Because over-

lapping observations may reduce visual precision, the figure is intended to support comparative 

interpretation rather than extraction of exact numerical values. The figure is intended to visualize 

how compressive loading varies across task geometry rather than to convey quantitative force val-

ues. 
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Table 2. Summary of model performance indices. 

Model AIC BIC Log Likelihood Deviance 
Residual_SD 

[N] 

0 1427.3 1460.3 −700.64 1401.3 258.23

1 1383.7 1424.4 −675.87 1351.7 135.88

2 1381.7 1419.9 −675.87 1351.7 135.88

3 1374.4 1417.7 −670.21 1340.4 122.32

4 1370.5 1421.4 −665.26 1330.5 90.71

5 1391.3 1426.9 −681.66 1363.3 151.09

6 1424.6 1460.2 −698.32 1396.6 249.18

7 1383.5 1419.2 −677.75 1355.5 135.3

8 1392.2 1427.9 −682.09 1364.2 135.78

9 1385.4 1421.2 −678.7 1357.4 135.46

10 1393.9 1427.2 −683.95 1367.9 135.2

11 1397.4 1428.3 −686.71 1373.4 134.68

Across the set of models, the inclusion of random intercepts for SubjectID and TaskID 

was consistently associated with substantial reductions in residual variance relative to the 

baseline fixed-effects model. Model 0, which omiIed all random effects, produced the 

largest residual standard deviation (SD = 258 N i.e., ~9.3% of the average), indicating that 

a fixed-effects-only formulation was insufficient to account for between-subject and be-

tween-task variability present in the data. Introducing random intercepts for SubjectID 

and TaskID (e.g., Models 1, 2, 7, 8, 9, 10, and 11) reduced the residual SD to approximately 

135 N (i.e., ~5% of the average), demonstrating that hierarchical variance components cap-

tured a meaningful proportion of unexplained variability. 

Models incorporating random slopes (Models 3 and 4) further reduced deviance and 

improved log-likelihood values. These models produced the lowest AIC values in the set 

(1374.4 and 1370.5, respectively), consistent with expectations when additional variance 

components are introduced. However, these improvements were associated with large 

increases in the number of random-effects parameters (78 and 114, respectively), reflecting 

the added flexibility provided by subject-specific slopes and expanded covariance struc-

tures. 

Conversely, the more restricted random-effects structures in Models 5 and 6 high-

lighted the consequences of under-specifying hierarchical variability. Removing either 

SubjectID or TaskID as random intercepts increased both AIC and residual variance, con-

firming that both levels of clustering contributed meaningfully to the structure of the data. 

Overall, the paIern of results demonstrates that the hierarchical nature of the data—

arising from repeated measures nested within subjects and tasks—requires mixed-effects 

modeling to achieve appropriate variance partitioning. Models with random intercepts 

for both SubjectID and TaskID consistently showed substantial improvements over the 

fixed-effects baseline. 

Although Models 3 and 4 achieved slightly improved fit statistics, these gains were 

accompanied by substantially increased model complexity and reduced coefficient stabil-

ity. In contrast, Model 11 retained the principal biomechanical predictors while minimiz-

ing parameter count and maintaining consistent coefficient estimates across specifications. 

From an ergonomic and interpretive standpoint, Model 11 therefore provides the most 

favorable balance between explanatory performance, robustness, and practical usability. 

Figure 2 presents the estimated fixed-effect coefficients for all twelve regression mod-

els, expressed as Estimate ± Standard Error. This Figure provides a comprehensive view 

of how each predictor contributes to L4/L5 compressive force under varying model spec-
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ifications, and it highlights the stability—or sensitivity—of each parameter across the full 

model set. For a detailed assessment of the coefficients see Table A2. 

 

Figure 2. Regression Coefficients Forest Plot. 

Across all models, the coefficients for Load, horizontal distance, and vertical position 

remained consistently positive and generally preserved their relative ordering across 

model specifications. However, the associated standard errors indicate that uncertainty 

remained non-negligible for some estimates, reflecting variability across subjects, tasks, 

and source studies represented in the pooled dataset. Accordingly, interpretation should 

emphasize the consistency of coefficient direction and persistence across models rather 

than exact numerical agreement of coefficient magnitude. 

Similarly, the coefficient for Sex (coded 0 = female, 1 = male) remained positive across 

all models. This effect should not be interpreted as a direct biological influence of sex on 

spinal compression but rather as a surrogate descriptor reflecting anthropometric differ-

ences captured through digital human model scaling. Because body dimensions, mass 

distribution, and segment properties are parameterized differently within the JACK bio-

mechanics framework, this coefficient likely represents combined effects of anthropomet-

ric scaling and posture-dependent mechanics rather than an independent physiological 

effect. 

Postural variables exhibited more nuanced behavior. Hip flexion and trunk flexion 

retained negative coefficients in every model, reflecting their consistent role in altering 

trunk orientation and increasing internal moment generation. These coefficients varied 

modestly in magnitude across models but retained similar directional effects, suggesting 

that hip and trunk posture contribute reliably to compression even when random effects 

absorb a substantial portion of between-subject and between-task variability. Elbow flex-

ion also displayed a stable negative effect in nearly all models, although the precision of 
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its estimate improved substantially when random intercepts were included, demonstrat-

ing the importance of variance partitioning for upper-limb predictors. 

Other postural variables—including knee flexion, shoulder flexion, and especially 

shoulder abduction/adduction—showed wider variability in both magnitude and preci-

sion. Their coefficients frequently changed sign or exhibited larger standard errors in 

models with more complex random-effects structures. This suggests that these joint angles 

may exert smaller or more context-dependent influences on spinal loading, or that their 

biomechanical contribution overlaps with stronger predictors such as hip and trunk pos-

ture. 

Coupling quality showed no consistent effect and remained close to zero in all mod-

els that included it, while shoulder abduction/adduction demonstrated large uncertainty 

and inconsistent coefficient behavior across model specifications. To evaluate whether 

these variables influenced interpretation of the remaining predictors, subsequent model 

families progressively excluded these parameters (Models 7–11). Their removal did not 

materially alter the magnitude, direction, or statistical significance of the principal coeffi-

cients associated with load magnitude, horizontal distance, vertical position, sex, trunk 

posture, and hip posture. This paIern suggests that the excluded variables contributed 

limited independent explanatory information and that model simplification primarily im-

proved parsimony without changing the interpretation of the dominant biomechanical 

effects. 

Figure 2 also shows the statistical significance paIerns for each predictor across all 

models. When the error bar crosses zero, is an indication that the null hypothesis cannot 

be rejected, and therefore the p-value is larger than 0.05. 

Across the entire model set, several parameters emerged as highly stable predictors 

of compressive force. Load, horizontal reach, vertical height, sex, and hip flexion retained 

statistical significance (p < 0.05) in nearly all model configurations. These effects remained 

robust regardless of whether random intercepts were specified for subjects, tasks, or stud-

ies, demonstrating that these predictors consistently account for substantial variance in 

spinal compression. Their influence aligns with biomechanical expectations, as these pa-

rameters directly alter external moments and musculoskeletal demand during lifting. 

Trunk flexion also demonstrated a strong and consistent effect across most models, 

although its significance was reduced in the highest-complexity mixed-effects formula-

tions, where random-effects variance absorption increased standard errors. Elbow flexion 

showed a similar paIern, achieving significance in most mixed-effects models but not in 

fixed-effects-only configurations, suggesting that correct modeling of inter-individual 

variability is necessary to detect its influence. 

Other posture variables exhibited less consistent effects. Knee flexion and shoulder 

flexion reached significance in several models but fell above the p-value threshold in oth-

ers, indicating that their contribution may be modulated by interactions with other joint 

angles or by variation in individual movement strategies. In contrast, coupling quality 

and shoulder abduction/adduction were not significant in any model. Their lack of statis-

tical influence suggests that these factors do not meaningfully affect L4/L5 compression 

within the combined dataset, or that any potential effects are overshadowed by larger 

biomechanical determinants. For a detailed value of the p-values, see Table A3. 

Table 3 shows the random-effect standard deviations illustrating how variance is dis-

tributed between subjects, tasks, studies (when applicable), and residual error. Random-

effect standard deviations for SubjectID (105–710 N across models) correspond to 4–26% 

of the mean compressive force (2762 N), indicating substantial inter-individual variance 

in lifting strategy and anthropometry. Likewise, TaskID_SD values (106–164 N) corre-

spond to 4–6% of the mean, reflecting consistent variability aIributable to task geometry. 
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Table 3. Random Factor Magnitudes. 

 StudyID_SD SubjectID_SD TaskID_SD Load_Slope_SD H_Slope_SD Residual_SD 

Model 0 — — — — — 258.23

Model 1 135.88 233.78 140.15 — — 135.88

Model 2 — 233.78 140.15 — — 135.88

Model 3 — 105.7 134.18 21.56 — 122.32

Model 4 — 710.81 131.69 21.24 15.43 90.71

Model 5 — 235.35 — — — 151.09

Model 6 — — 164.27 — — 249.18

Model 7 — 234.28 138.35 — — 135.3

Model 8 — 233.51 107.84 — — 135.78

Model 9 — 240.21 142.9 — — 135.46

Model 10 — 234.01 106.5 — — 135.2

Model 11 — 240.17 108.91 — — 134.68

Models incorporating random intercepts for subjects and tasks displayed substan-

tially reduced residual variance, confirming that inter-individual and inter-task differ-

ences are meaningful contributors to overall variability in spinal compression. Models 

with random slopes for Load or H (Models 3 and 4) show increased subject-level variance, 

indicating that individuals differ not only in their baseline compression levels but also in 

their sensitivity to changes in lifting geometry. 

Overall, Figure 2 and Table 3 demonstrate that while the absolute value of coefficients 

varies somewhat with the random-effects structure, the core biomechanical relationships 

remain stable. Load magnitude, reach distances, trunk posture, and hip posture consist-

ently emerge as the strongest and most reliable predictors of compressive loading. Varia-

bles with less consistent coefficients appear more sensitive to individual lifting strategies 

or correlated movement paIerns. This comprehensive comparison supports the selection 

of a model structure that balances explanatory power, coefficient stability, and interpret-

ability. 

Model fit varied substantially across the model set. Models incorporating random 

intercepts for both subjects and tasks consistently outperformed fixed-effects-only mod-

els, reducing residual variance by approximately 50% and improving AIC and BIC crite-

ria. The most complex random-effects models (e.g., those incorporating multiple random 

slopes Model 3, Model 4) achieved the lowest AIC values but also displayed increased 

instability in parameter estimation and reduced statistical significance for several predic-

tors. More parsimonious models—particularly those retaining only task and subject ran-

dom intercepts—struck a beIer balance between fit quality and interpretability. 

Taken together, the results demonstrate that a subset of NIOSH parameters—includ-

ing load magnitude, horizontal reach, vertical height, as well as biomechanical variables 

such as trunk and hip posture, and demographic effects—serve as the primary determi-

nants of compressive loading at the L4/L5 joint. These findings support the use of a mixed-

effects modeling framework to account for inter-study and inter-individual variability 

and suggest a possible pathway for augmenting traditional NIOSH-based ergonomic as-

sessment with compression estimation rather than replacing the original formulation. One 

potential implementation would involve using standard NIOSH task descriptors as inputs 

to estimate expected spinal compression and identify situations in which similar lifting 

indices may correspond to substantially different biomechanical demands. 

4. Discussion 

The purpose of this study was to examine how the primary variables that form the 

basis of the NIOSH Lifting Equation contribute to L4/L5 spinal compression when evalu-
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ated continuously across a pooled dataset of lifting tasks. By unifying data from five in-

dependent studies and applying a mixed-effects regression framework capable of parti-

tioning variance among subjects, tasks, and studies, the present work provides a mecha-

nistic understanding of how load, lifting geometry, and body posture shape lumbar load-

ing. The findings confirm long-standing assumptions embedded in the NIOSH model 

while also revealing nuanced relationships between posture and spinal demand that are 

not explicitly captured by the traditional multipliers. 

An important consequence of the present methodology is that the analysis was in-

tentionally restricted to postures associated with peak estimated spinal compression. Ac-

cordingly, the proposed models should be interpreted as predictors of peak biomechani-

cal exposure rather than cumulative spinal burden. This distinction is relevant because 

cumulative exposure frameworks evaluate injury risk through integration of loading 

magnitude, repetition, duration, and recovery over time, whereas the present approach 

isolates the most mechanically demanding configurations. Peak and cumulative loading, 

therefore, represent complementary but distinct perspectives of ergonomic risk. The cur-

rent framework aligns more closely with screening approaches aimed at identifying high-

demand task configurations rather than estimating long-term dose accumulation. 

An additional consequence of this methodological choice is that the framework does 

not explicitly represent dynamic loading characteristics such as lifting velocity, accelera-

tion, inertial effects, or temporal evolution of posture. Although the source studies in-

cluded movement capture and biomechanical reconstruction procedures, the present har-

monization strategy retained only postures associated with peak estimated compression 

and therefore does not model complete loading trajectories. Prior biomechanical work has 

shown that dynamic factors may influence spinal loading magnitude and timing; conse-

quently, the present framework should be interpreted as an estimation of peak compres-

sion exposure rather than a complete dynamic loading model. Future work may extend 

the framework by incorporating time-resolved biomechanical variables and cumulative 

exposure measures. 

Across every model evaluated, the magnitude of the external load emerged as the 

strongest and most stable determinant of compressive force. This is entirely consistent 

with lumbar biomechanics: external loads translate directly into increased spinal extensor 

force requirements, and because these muscles operate with relatively short moment 

arms, even modest increases in load create disproportionately large increases in compres-

sion. The consistency of this effect, even under the most complex random-effects struc-

tures, indicates that interpersonal differences in skill, lifting strategy, or strength do not 

meaningfully alter the fundamental mechanical coupling between load magnitude and 

lumbar demand. 

Interpretation of the sex effect requires particular caution. Although the coefficient 

remained positive across model formulations, sex was not intended to represent an inde-

pendent biomechanical mechanism. Instead, it functions as a surrogate for anthropomet-

ric characteristics embedded within the digital human modeling process. The Siemens 

JACK biomechanics engine applies sex-dependent scaling of segment geometry, body 

mass distribution, and inertial properties, which influence the estimated spinal compres-

sion forces. Consequently, the observed coefficient likely reflects differences in modeled 

anthropometry and posture strategy rather than an intrinsic physiological susceptibility 

to compression loading. Future work should evaluate whether direct inclusion of anthro-

pometric variables such as stature, body mass, trunk length, or segment proportions re-

duces or replaces the observed sex effect. 

Horizontal reach and vertical height followed closely in magnitude and stability of 

effect. Both variables reflect the geometric configuration of the lift and therefore the size 

of the external moment the spinal extensors must counteract. Horizontal distance directly 
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increases the moment arm, requiring larger extensor forces to maintain equilibrium; this 

relationship is one of the foundational principles of the NIOSH equation. The present re-

sults confirm this in a continuous modeling framework: increased reach reliably increased 

compressive force across all models, and the strength of this effect was comparable to 

what would be predicted from biomechanical moment calculations. Vertical location con-

tributed in a more complex manner, as lower starting positions typically require greater 

trunk flexion, which shifts the combined center of mass anteriorly and increases lumbar 

loading. 

Posture-specific predictors, particularly hip flexion and trunk flexion, also played a 

meaningful and consistent role. Both variables represent the inclination of the torso and 

the forward displacement of the upper body’s center of mass. Their significance in nearly 

all models demonstrates that posture exerts an independent influence on lumbar loading 

beyond what can be explained by hand location alone. This is biomechanically logical: 

two lifts with identical H and V values can impose different trunk moments depending 

on whether the worker accomplishes the lift with hip flexion, lumbar flexion, or a com-

bined strategy. The present findings reinforce the value of capturing posture directly ra-

ther than inferring it indirectly from hand location. 

Upper-limb posture contributed smaller but still meaningful effects. Shoulder and 

elbow flexion alter the position of the external load relative to the body, effectively in-

creasing distal moment arms as the arms move forward. While these effects were minor 

compared to the large mechanical consequences of H and V, their significance in many 

models suggests that even small changes in upper-limb positioning influence the mechan-

ical environment of the spine. 

In contrast, shoulder abduction and coupling quality were not reliable predictors of 

compression once geometric and postural variables were included. Their persistent non-

significance may reflect a relatively small independent contribution to peak spinal com-

pression compared with dominant mechanical determinants such as load magnitude and 

hand location. Although formal multicollinearity diagnostics were not performed, pro-

gressive exclusion of these variables across model families did not materially alter the 

estimated coefficients of the remaining predictors. This stability suggests that their limited 

contribution reflects low explanatory value rather than substantial confounding or param-

eter redundancy. Coupling quality may still influence other dimensions of ergonomic per-

formance—such as task controllability or perceived difficulty—but its independent con-

tribution to peak compression appears limited within the present dataset. 

Residual variance paIerns further illuminate the limits of the fixed-effects structure. 

Mixed-effects models with random intercepts for subject and task consistently produced 

residual standard deviations around 130–150 N, representing approximately 5–7% of typ-

ical compressive loads during manual lifting. This magnitude of unexplained variability 

is biomechanically realistic given individual differences in musculature, co-contraction 

paIerns, anthropometry, and subtle postural variations not captured in discrete joint an-

gles. The relatively small residuals in these models suggest that the principal biomechan-

ical determinants of compression were successfully captured and that the fixed-effects 

structure is appropriately specified for the available data. The dramatically reduced resid-

ual variance in the high-complexity models, particularly those with random slopes for 

load or reach, should therefore be interpreted with caution; while these models appeared 

to fit the data more closely, they introduced instabilities indicative of overfiIing. 

Indeed, the comparison among candidate models highlights the importance of bal-

ancing goodness-of-fit with biomechanical plausibility. Models that introduced random 

slopes for load or horizontal location (Models 3 and 4) achieved lower AIC values, but 

only by dramatically increasing the number of random parameters and producing covar-

iance matrices with near-perfect correlations. These models effectively forced individual-
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ized load–response relationships onto each subject, despite no biomechanical justification 

for such variability once posture and geometry were controlled. The instability of their 

coefficients, the loss of significance in previously stable predictors, and the near-singular-

ity of their covariance structures all indicate that these models overfit the present dataset 

rather than revealing meaningful subject-specific differences. In contrast, simpler models 

with only subject and task intercepts (Models 10 and 11) maintained stable coefficient es-

timates, showed clear biomechanical interpretability, and avoided overfiIing while pre-

serving strong model performance. These more parsimonious models are therefore best 

suited for ergonomic applications and for interpreting the relative contribution of lifting 

variables to spinal compression. 

The present findings should also be interpreted considering limitations in model val-

idation. Formal likelihood ratio testing was not feasible across all candidate specifications 

because several models were not strictly nested. In addition, external validation and cross-

validation procedures were not performed due to sample size constraints and the hierar-

chical organization of the dataset. Accordingly, the reported performance metrics should 

be interpreted as indicators of internal model consistency rather than definitive evidence 

of predictive generalizability. Future studies should evaluate the framework using inde-

pendent datasets and grouped validation approaches. 

A related limitation is that only peak-loading postures were analyzed. Consequently, 

the framework does not account for cumulative mechanical exposure, fatigue effects, re-

covery periods, or temporal sequencing of lifting actions. Future developments could in-

corporate time-resolved biomechanical measures and cumulative dose metrics to extend 

the framework beyond peak exposure estimation. 

The standard deviation associated with SubjectID—which captures inter-individual 

differences in spinal loading—ranges from approximately 105 to 711 N across the models. 

This indicates that between-subject variability alone accounts for fluctuations equivalent 

to roughly 4–26% of the mean compressive force, highlighting the substantial influence of 

individual anthropometrics and lifting strategies on spinal loading. Similarly, the TaskID 

random-effects standard deviation falls between 106 and 164 N, representing an addi-

tional 4–6% variation aIributable to differences among lifting conditions. Together, these 

random components demonstrate that variability arising from the performer and the task 

is nontrivial and must be accounted for when interpreting the effects of load and posture 

on predicted L4/L5 compression forces (see Table A2). 

Taken together, these findings reinforce and extend the fundamental principles em-

bedded in the NIOSH Lifting Equation. Load, horizontal reach, and vertical location re-

main the dominant determinants of spinal compression, consistent with decades of bio-

mechanical modeling. However, the present results also demonstrate that posture directly 

influences compression independent of hand location. This suggests that ergonomic as-

sessments may benefit from explicitly incorporating trunk and hip posture when feasible, 

particularly in digital human modeling environments or sensor-based field assessments. 

At the same time, variables such as coupling quality and knee posture—while relevant 

from a task-difficulty perspective—do not appear to substantially alter spinal compres-

sion and therefore may be beIer conceptualized as contributors to risk via pathways other 

than biomechanical loading. 

The study does have limitations. The dataset represents a relatively small number of 

conditions drawn from five published papers, and not all NIOSH multipliers—such as 

asymmetry and frequency—were represented. The analysis focuses on static loading pos-

tures rather than full dynamic sequences, and the biomechanical models used in the 

source studies may differ slightly in their internal assumptions. Nevertheless, the con-

sistency of results across multiple model structures and task conditions suggests that the 

core conclusions are robust. 
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Another limitation of the present framework is that explicit interaction effects among 

biomechanical predictors were not systematically modeled. The analysis emphasized 

main effects and hierarchical variability to preserve interpretability and reduce model 

complexity relative to the available sample size. Future studies may explore interactions 

among load magnitude, posture, anthropometry, and task geometry to determine 

whether nonlinear combinations further improve prediction of spinal compression 

Overall, this study provides a quantitative, posture-sensitive understanding of how 

the primary variables in the NIOSH Lifting Equation relate to spinal compression. By an-

choring these relationships in biomechanics and validating them through mixed-effects 

modeling, the work offers a foundation for future efforts to refine ergonomic assessment 

tools, integrate sensor-based posture tracking, and beIer understand the mechanical driv-

ers of low-back loading in occupational lifting. 

5. Conclusions 

This study quantified the contribution of load, lifting geometry, and body posture to 

L4/L5 spinal compression by integrating data from multiple experimental studies within 

a unified mixed-effects modeling framework. The results reaffirm the central role of load 

magnitude, horizontal reach, and vertical lifting height as the primary biomechanical 

drivers of lumbar compression, while also demonstrating that trunk and hip posture exert 

independent and meaningful effects beyond those captured by hand location alone. Up-

per-limb posture contributes modestly, whereas coupling quality, knee flexion, and shoul-

der abduction show limited relevance to peak compressive loading. 

Models incorporating random intercepts for subjects and tasks provided the most 

stable and biomechanically interpretable estimates, whereas more complex random-slope 

structures led to overfiIing without meaningful improvements in explanatory power. 

In our view, Model 11 provides the best overall formulation for ergonomic use be-

cause it achieves the most favorable balance between parsimony, interpretability, and co-

efficient stability. Although some intermediate models yield marginally lower AIC/BIC 

values, Model 11 uses the fewest parameters while retaining the core fixed effects that 

remained stable across specifications. 

These findings highlight both the robustness of the core NIOSH lifting variables and 

the value of supplementing them with direct measures of posture when evaluating spinal 

loading. Collectively, the results provide an evidence-based foundation for refining ergo-

nomic risk assessments and guiding future enhancements to lifting analysis tools. 
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Appendix A 

This appendix provides supplementary material supporting the regression analyses 

presented in the manuscript. Table A1 summarizes the full nomenclature of all biome-

chanical, anthropometric, and task-related variables included in the mixed-effects regres-

sion models, along with their units and operational definitions. Table A2 reports the cor-

responding fixed- and random-effects coefficients for all twelve regression models, in-

cluding standard errors. Table A3 presents the p-value comparison across models, with 

non-significant results highlighted for clarity. Together, these tables offer a complete ref-

erence for interpreting the statistical framework used to estimate L4/L5 spinal compres-

sion forces across studies, participants, and lifting conditions. 

Table A1. Nomenclature of Variables Included in the Regression Models. 

Variable Name Symbol/Abbreviation Units Description 

Load Load_kg kg 
Mass of the lifted object at the 

moment of exertion. 

Horizontal Distance H_cm cm 

Horizontal reach distance from 

the midpoint between the ankles 

to the hands. 

Vertical Height V_cm cm 

Vertical height of the hands at the 

moment of lift initiation or peak 

load. 

Sex (Male) Sex_M – (binary) 
Participant sex coded as 1 = male, 

0 = female. 

Coupling Quality Coupling_Good – (binary) 
Quality of hand–object coupling 

(1 = good grip, 0 = poor). 

Hip Flexion Angle HipFlex_deg degrees (°) 

Angle between the femur and 

pelvis relative to the neutral 

standing posture. 

Knee Flexion Angle KneeFlex_deg degrees (°) 

Angle between the tibia and fe-

mur; higher values indicate 

greater knee bend. 

Trunk Flexion Angle TrunkFlex_deg degrees (°) 
Forward flexion of the torso rela-

tive to the pelvis. 

Shoulder Flexion Angle ShoulderFlex_deg degrees (°) 
Flexion of the humerus relative to 

the torso. 

Elbow Flexion Angle ElbowFlex_deg degrees (°) Flexion angle of the elbow joint. 

Shoulder Abduction/Ad-

duction 
Sh_AbdAdd degrees (°) 

Mediolateral displacement of the 

humerus from the frontal plane. 

Study Identifier StudyID – (categorical) 
Identifies the source study for 

each observation. 

Task Identifier TaskID – (categorical) 
Identifies the lifting task condi-

tion within each study. 

Participant Identifier SubjectID – (categorical) 
Identifies the participant contrib-

uting each observation. 

L4/L5 Compressive  

Force 
L4L5_Compressive_N Newtons (N) 

Estimated compressive load at 

the L4/L5 spinal segment (out-

come variable). 
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Table A2. Regression Coefficients Table. 

Parameter Model 0 Model 1 Model 2 Model 3 Model 4 Model 5 

Intercept −4882.00 ± 1087.00
−5356.50 ± 

972.52

−5356.50 ± 

962.98

−5740.10 ± 

890.29

−5429.80 ± 

877.52

−5336.20 ± 

773.89 

Sex_M 669.29 ± 59.29 800.30 ± 87.01 800.30 ± 87.01 824.96 ± 77.54 855.03 ± 75.77 792.99 ± 89.22 

Load_kg 93.45 ± 13.26 101.34 ± 28.98 101.34 ± 28.98 102.19 ± 28.12 102.78 ± 27.39 104.67 ± 8.05 

H_cm 80.27 ± 24.24 93.82 ± 21.50 93.82 ± 21.50 104.72 ± 19.85 99.85 ± 18.82 101.95 ± 18.43 

V_cm 20.32 ± 3.55 14.63 ± 3.43 14.63 ± 3.43 13.68 ± 3.17 13.85 ± 3.23 12.04 ± 2.71 

Coupling_Good −107.36 ± 80.61 −79.46 ± 280.54 −79.46 ± 204.39 −73.69 ± 193.88 −74.39 ± 190.57 −68.86 ± 91.91 

TrunkFlex_deg −12.71 ± 3.01 −10.98 ± 3.27 −10.98 ± 3.27 −10.39 ± 2.94 −6.79 ± 2.84 −10.67 ± 3.50 

HipFlex_deg −20.34 ± 3.44 −13.39 ± 2.80 −13.39 ± 2.80 −11.67 ± 2.52 −12.11 ± 2.69 −10.29 ± 2.91 

KneeFlex_deg 6.80 ± 3.17 3.37 ± 2.26 3.37 ± 2.26 3.19 ± 2.04 3.32 ± 1.99 4.06 ± 2.48 

ShoulderFlex_deg −3.69 ± 2.78 4.83 ± 2.28 4.83 ± 2.28 5.31 ± 2.08 3.85 ± 2.32 4.83 ± 2.50 

ElbowFlex_deg −1.97 ± 2.27 −6.14 ± 2.11 −6.14 ± 2.11 −7.76 ± 1.91 −6.30 ± 2.00 −6.65 ± 2.28 

Sh_AbdAdd 1.75 ± 2.95 −1.46 ± 1.98 −1.46 ± 1.98 −1.42 ± 1.76 −1.01 ± 2.00 −1.00 ± 2.18 

StudyID_SD — 135.88 — — — — 

SubjectID_SD — 233.78 233.78 105.7 710.81 235.35 

TaskID_SD — 140.15 140.15 134.18 131.69 — 

Load_slope_SD — — — 21.56 21.24 — 

H_slope_SD — — — — 15.43 — 

Residual_SD 258.23 135.88 135.88 122.32 90.71 151.09 

Parameter Model 6 Model 7 Model 8 Model 9 Model 10 Model 11 

Intercept −4957.30 ± 1303.60
−5127.60 ± 

903.44

−5343.90 ± 

865.02

−5235.80 ± 

967.96

−5119.80 ± 

801.35

−5041.80 ± 

806.32 

Sex_M 671.78 ± 57.22 799.26 ± 87.08 800.38 ± 86.92 816.99 ± 88.38 799.37 ± 86.98 815.91 ± 88.25 

Load_kg 91.14 ± 35.28 101.38 ± 28.62 105.08 ± 21.47 101.24 ± 29.50 105.04 ± 21.23 105.00 ± 21.66 

H_cm 76.74 ± 28.15 89.65 ± 20.58 92.11 ± 19.25 85.58 ± 20.91 88.06 ± 18.29 80.75 ± 17.66 

V_cm 22.10 ± 4.38 14.24 ± 3.36 14.72 ± 3.07 15.84 ± 3.34 14.33 ± 3.01 15.57 ± 2.88 

Coupling_Good −114.34 ± 229.21 −78.31 ± 202.29 — −80.87 ± 208.42 — — 

TrunkFlex_deg −12.79 ± 2.90 −11.07 ± 3.26 −10.95 ± 3.27 −10.23 ± 3.27 −11.03 ± 3.26 −10.28 ± 3.25 

HipFlex_deg −22.23 ± 3.39 −13.00 ± 2.75 −13.18 ± 2.79 −13.16 ± 2.80 −12.80 ± 2.73 −12.64 ± 2.73 

KneeFlex_deg 6.33 ± 3.06 3.22 ± 2.25 3.40 ± 2.26 — 3.25 ± 2.25 — 

ShoulderFlex_deg −3.99 ± 2.69 5.23 ± 2.22 4.87 ± 2.28 6.40 ± 2.07 5.27 ± 2.22 6.74 ± 2.01 

ElbowFlex_deg −1.82 ± 2.19 −6.86 ± 1.88 −6.20 ± 2.10 −6.45 ± 2.11 −6.91 ± 1.87 −7.09 ± 1.88 

Sh_AbdAdd 1.66 ± 2.85 — −1.43 ± 1.98 −1.20 ± 1.97 — — 

StudyID_SD — — — — — — 

SubjectID_SD — 234.28 233.51 240.21 234.01 240.17 

TaskID_SD 164.27 138.35 107.84 142.9 106.5 108.91 

Load_slope_SD — — — — — — 

H_slope_SD — — — — — — 

Residual_SD 249.18 135.3 135.78 135.46 135.2 134.68 

Table A3. p-Value Comparison Table. Bolded Value are not Significant. 

Variable M0 M1 M2 M3 M4 M5 M6 M7 M8 M9 M10 M11

Sex_M <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001

Load_kg <0.001 0.0007 0.0007 0.0005 0.0003 <0.001 0.0113 0.0006 <0.001 0.0009 <0.001 <0.001

H_cm 0.0013 <0.001 <0.001 <0.001 <0.001 <0.001 0.0077 <0.001 <0.001 <0.001 <0.001 <0.001

V_cm <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001

Coupling 

(Good) 
0.186 0.778 0.698 0.705 0.697 0.456 0.619 0.7 – 0.699 – –

TrunkFlex_deg <0.001 0.0011 0.0011 0.0007 0.0188 0.003 <0.001 0.001 0.0012 0.0023 0.001 0.0021

HipFlex_deg <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001
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KneeFlex_deg 0.0343 0.14 0.14 0.121 0.0987 0.105 0.0413 0.156 0.136 – 0.151 –

Shoulder-

Flex_deg 
0.188 0.0373 0.0373 0.0121 0.1001 0.0557 0.1407 0.0204 0.0354 0.0026 0.0194 0.0012

ElbowFlex_deg 0.388 0.0044 0.0044 <0.001 <0.001 0.0044 0.4087 <0.001 0.004 0.0029 <0.001 <0.001

Sh_AbdAdd 0.555 0.464 0.464 0.422 0.616 0.649 0.561 – 0.472 0.543 – –
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