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1. Supplementary Methods
1.1 Missing data and construction of the analytic dataset
Missing data, including baseline clinical features, the ALSFRS-R subcategories, diet and exercise, and blood lipids (Table S1), were handled using multiple imputation by chained equations with the "mice" package. Fifty imputed datasets were generated with a fixed random seed. Variables that were not intended to be imputed, such as identifiers, survival time and event state, were held constant through the specification of the predictor and imputation matrices. Patients in the lipid cohort without available follow-up information were excluded before subsequent analyses.
To reduce potential selection bias arising from the fact that only a subset of the original ALS cohort had baseline lipid measurements, propensity score matching was performed across the multiply imputed datasets using the "MatchThem" package. The propensity score model used lipid-testing status (with at least one baseline lipid measurement versus without any baseline lipid measurement) as the grouping variable and included family history of ALS, sex, site of onset, diagnostic grade, Riluzole use, age at baseline, age at onset, baseline ALSFRS-R score, baseline ALSFRS-R slope, BMI, and FVC % predicted. Matching was performed at a 1:5 ratio with a caliper of 0.1. Patients who were unmatched in 25 or more of the 50 imputed datasets were excluded from the matched dataset. After matching, the subsequent association and survival analyses were restricted to patients with baseline lipid data. 
Covariate balance after matching was evaluated descriptively and by comparing baseline characteristics between the lipid and non-lipid cohorts. Due to the limitations of applying non-parametric tests and chi-square tests directly to multiply imputed data, we performed t-tests for continuous variables. For categorical variables, we averaged the cross-tabulations across the 50 datasets and then conducted chi-square tests. Pooled means and standard deviations were calculated according to Rubin’s rules[1].
The variables included in the study and their coding are summarized in Table S1.

1.2 Lipid variables and derived outcomes
The lipid markers included total cholesterol, triglycerides, high-density lipoprotein cholesterol, low-density lipoprotein cholesterol, LDL/HDL ratio, apolipoprotein A, apolipoprotein B, and lipoprotein(a). The LDL/HDL ratio was calculated as LDL divided by HDL. 
The average monthly ALSFRS-R progression rate during the first year after baseline was calculated as: 
PR = (ALSFRS-R at baseline − ALSFRS-R at 12 months) / 12
Thus, a higher PR indicated faster functional decline. Baseline ALSFRS-R slope was defined as:
ΔFRS-R = (48 − ALSFRS-R at baseline) / disease duration at baseline
where disease duration at baseline = age at baseline − age at onset (months).
For Kaplan–Meier analyses, each lipid marker was categorized using cohort-wide distribution-based cutoffs. For each patient, binary grouping variables were generated using the first quartile, first tertile, median, second tertile, and third quartile as cutoffs. Patients with values greater than or equal to the cutoff were compared with those below the cutoff.

1.3 Cross-sectional analysis: Regression analyses for baseline clinical features
Associations between lipid markers and baseline demographic or clinical features were examined using linear regression models across the multiply imputed datasets. The outcomes included age at onset, baseline ALSFRS-R score, baseline ALSFRS-R slope, BMI, FVC % predicted, sex, bulbar onset, and family history of ALS. Each lipid marker was analyzed separately.
Two models were fitted for each lipid-outcome pair. Model a adjusted for core clinical variables, including family history of ALS, sex, site of onset, diagnostic grade, Riluzole use, age at baseline, baseline ALSFRS-R score, baseline ALSFRS-R slope, BMI, and FVC % predicted. When the outcome variable was also included in the adjustment set, it was removed from the covariates. For analyses with age at onset as the outcome, age at baseline was replaced by disease duration to avoid collinearity (Model b). Model c additionally adjusted for ALSFRS-R subcategory scores, dietary variables, and exercise. Regression coefficients, 95% confidence intervals, and P values were pooled across imputed datasets using Rubin’s rules. These results are reported in Table S2.

1.4 Prognostic analyses 1: Linear regression analyses for functional progression
The association between baseline lipid markers and PR was examined using multivariable linear regression, with PR as the dependent variable. Each lipid marker was entered separately as the independent variable. A three-level modeling strategy was used: univariable analysis, adjustment for core clinical variables, and additional adjustment for ALSFRS-R subcategory scores, dietary variables, and exercise. Variance inflation factors were examined to assess multicollinearity in multivariable models. Pooled regression coefficients, 95% confidence intervals, and P values are reported in Table S3.

1.5 Prognostic analyses 2: Kaplan–Meier survival analyses
Kaplan–Meier analyses were used to compare survival distributions according to categorized lipid levels. Survival time was defined as the interval from baseline to death or tracheotomy. Patients who did not experience death or tracheotomy during follow-up were treated as censored. An administrative censoring time of 60 months was applied in the main survival analyses. Kaplan–Meier analyses were conducted in the overall lipid cohort and separately in male and female subgroups. Because the analyses were based on multiply imputed datasets, survival probabilities were pooled using a custom function developed for Kaplan–Meier analyses after multiple imputation. The pooling procedure was based on complementary log-log transformation of survival probabilities[2], followed by back-transformation to obtain pooled survival estimates. The P-value of the log-rank test and the median survival time are calculated based on the pooled survival probabilities. Median survival times and log-rank P values are summarized in Table S4.

1.6 Prognostic analyses 3: Cox proportional hazards analyses
Cox proportional hazards models were used to evaluate the associations between continuous lipid markers and the composite survival endpoint of death or tracheotomy. Analyses were performed in the overall lipid cohort and separately in male and female subgroups. Each lipid marker was analyzed separately.
Three Cox models were fitted. Model 1 was univariable. Model 2 adjusted for core clinical variables, including family history of ALS, sex, site of onset, diagnostic grade, Riluzole use, age at baseline, baseline ALSFRS-R score, baseline ALSFRS-R slope, BMI, and FVC % predicted. In sex-stratified analyses, sex was omitted from the adjustment set. Model 3 additionally adjusted for ALSFRS-R subcategory scores, dietary variables, and exercise. Cox model coefficients were pooled on the log-hazard scale using Rubin’s rules and then exponentiated to obtain hazard ratios and 95% confidence intervals. These results are presented in Table S5.

1.7 Mediation analyses
Exploratory mediation analyses were performed to examine whether lipid markers mediated the association between BMI and ALS outcomes. BMI was treated as the exposure variable, and each lipid marker was evaluated separately as a potential mediator. For mediation analyses with survival as the outcome, the mediator model was fitted using linear regression, and the survival outcome model was fitted using an accelerated failure time model with a lognormal distribution.
Mediation analyses were performed separately within each imputed dataset using the "mediation" package. Bootstrap resampling with 1000 simulations was used within each imputed dataset. The average causal mediation effect, average direct effect, total effect, and proportion mediated were then pooled across the imputed datasets using Rubin’s rules. Mediation analyses were performed in the overall cohort and, where applicable, in sex-stratified subgroups. The mediation results are presented in Table S7.

1.8 Sensitivity analyses
1.8.1 Assessment of loss-to-follow-up bias
To assess potential bias related to loss to follow-up, we conducted a post hoc comparison of baseline characteristics between patients lost to follow-up and those with ascertainable outcome status within the 60-month administrative censoring window. Patients who reached death or tracheotomy before 60 months or remained alive at 60 months were classified as not lost to follow-up. Patients censored before 60 months without death or tracheotomy were classified as lost to follow-up.
Baseline categorical variables were compared using logistic regression models across the multiply imputed datasets, and continuous variables were compared using linear regression models. Regression estimates and P values were pooled according to Rubin’s rules. Descriptive statistics were summarized as n (%) for categorical variables and mean (SD) for continuous variables. As an exploratory sensitivity check, the same comparison was repeated using a 36-month administrative censoring window. The results of the 60-month and 36-month comparisons are presented in Table S10.
1.8.2 Assessment of multiple imputation
To evaluate the robustness of the findings to imputation of lipid variables, sensitivity analyses were performed using the original observed lipid records without imputing missing lipid values. The analytic workflow was otherwise kept consistent with the main analysis, including multiple imputation for non-lipid covariates, propensity score matching, calculation of the progression rate, and the same regression modeling strategy. The associations between lipid markers and PR, as well as the Cox survival analyses, were repeated in this sensitivity dataset. These results are reported in Table S6.

1.9 Multiple-testing correction
To account for multiple comparisons, P values for the core inferential analyses (from Table S2 to Table S7) were adjusted using the Benjamini-Hochberg false discovery rate (FDR) procedure. Correction was performed within the corresponding analysis family defined by the same outcome, subgroup, and model specification. As the present study was exploratory, nominal two-sided P values are reported in the main manuscript and figures, whereas FDR-adjusted P values (P FDR) are provided in the supplementary tables for readers’ reference. Findings based on nominal significance should therefore be interpreted cautiously.

1.10 Software
All analyses were conducted using R (version 4.4.1) and RStudio (version 2024.04.2+764). Multiple imputation was performed using the "mice" package, propensity score matching using the "MatchThem" package, Cox regression and accelerated failure time models using the "survival" package, and mediation analyses using the "mediation" package. Data management and result extraction were performed using "dplyr", "tidyr", "broom", "tibble", and "stringr". Figures were generated using R visualization packages including "pheatmap", "forestplot", and related plotting tools. A two-sided nominal P value < 0.05 was used to define nominal statistical significance.

2. Supplementary Discussion
2.1 Biological plausibility of lipid-related prognostic associations
The biological interpretation of lipid markers in ALS remains complex. Cholesterol plays important roles in membrane integrity, membrane fluidity, steroid hormone synthesis, bile acid production, vitamin D metabolism, and neuronal function. In the nervous system, cholesterol regulates ion channel function[3] and modulates both presynaptic and postsynaptic aspects of excitatory synaptic transmission[4]. In addition, TDP-43, a major pathological hallmark of most ALS cases and a causative protein in TARDBP-associated ALS, has been implicated in cholesterol homeostasis in oligodendrocytes[5]. These mechanisms provide biological plausibility for a relationship between lipid metabolism and ALS progression, but they do not establish that higher peripheral TC or LDL directly improves prognosis.
Lipoproteins and apolipoproteins may also be relevant to ALS outcomes. Wuolikainen et al. reported that higher VLDL-C levels were associated with longer survival[6], while Ingre et al. found that higher ApoB and a greater ApoB/ApoA-I ratio were associated with reduced mortality risk[7]. The role of APOE in ALS prognosis has also been investigated, although findings remain inconclusive[8]. Apolipoproteins participate not only in lipid transport and metabolism but also in broader aspects of central nervous system function and brain health[9]. These observations suggest that lipid transport pathways may be relevant to ALS biology, but the specific prognostic value of individual lipoproteins requires further validation.
Recent genetic and Mendelian randomization studies further support a role for lipid dysregulation in ALS biology[10-13]. However, these findings should be interpreted together with observational evidence, including meta-analyses that reported inconsistent or null associations between lipid levels and ALS survival[14, 15]. One possible explanation is that lipid-related factors may have different implications at different disease phases. Lipids such as TC, LDL, or ApoB may be associated with ALS susceptibility in genetic or pre-diagnostic analyses[10, 11, 13, 16-18], while after diagnosis, higher circulating lipid levels may reflect better preserved nutritional reserve or a less catabolic state. This apparent paradox highlights the need to distinguish risk factors for disease onset from prognostic markers after clinical onset.
Changes in plasma lipid levels in ALS may also be secondary to broader metabolic disturbances. ALS has been associated with mitochondrial dysfunction[19], oxidative stress and reactive oxygen species generation[20], and hypothalamic structural or functional changes[21-23]. These processes may contribute to altered energy balance, hypermetabolism, weight loss, and nutritional compromise. Therefore, peripheral lipid profiles may act as accessible biomarkers of systemic metabolic status rather than direct drivers of disease progression. This interpretation is consistent with the cautious view that lipid markers may help refine prognosis but should not currently be treated as therapeutic targets without prospective interventional evidence.

2.2 Sex-specific mechanisms
The sex-specific findings observed in our cohort may reflect both statistical and biological factors. From a statistical perspective, sex stratification reduced the number of patients and events in each subgroup, particularly among female patients. Therefore, the apparent differences between male and female patients should be considered exploratory. Nevertheless, previous studies have suggested that sex may modify ALS onset, clinical course, lipid profiles, and lipid-related prognosis[6, 24-27].
Several biological mechanisms may contribute to sex-specific lipid-outcome patterns. Estrogen is known to influence lipid metabolism by increasing HDL levels and reducing LDL and triglyceride levels. Beyond lipid metabolism, estrogen may exert neuroprotective effects in ALS through modulation of energy metabolism, suppression of neuroinflammation, delay of mitochondrial dysfunction, and enhancement of autophagic processes[28, 29]. These effects may partly attenuate or mask the prognostic value of lipid markers in female patients. In contrast, male patients may be more vulnerable to metabolic stress or may depend more strongly on lipid-related energy reserve during disease progression.
Sex differences in energy expenditure and weight loss may also be relevant. Although the prevalence of hypermetabolism may not differ substantially between sexes, male ALS patients have been reported to show higher resting energy expenditure and earlier weight loss[30-32]. If higher TC or LDL reflects better preserved energy reserve, this marker may be more prognostically informative in men than in women. In addition, sex-specific responses to lipid-modifying medications may exist. Nefussy et al. reported that statin use was associated with faster functional decline in female ALS patients but not in male patients[33]. Although this finding requires validation, it suggests that lipid metabolism and lipid-lowering exposure may have sex-dependent implications in ALS.
Overall, sex-specific lipid associations should be interpreted cautiously. Future studies should include larger sex-stratified cohorts and collect data on sex hormone levels, menopausal status, body composition, lipid-lowering medication exposure, nutritional status, and metabolic phenotype. Such data would help determine whether sex modifies the prognostic value of lipid markers or whether the observed subgroup differences mainly reflect sample size, confounding, or chance.

2.3 Between-study heterogeneity and methodological considerations
Substantial heterogeneity exists across studies examining blood lipids and ALS prognosis. Ingre et al. noted that inconsistent findings may be partly attributable to differences in study design, timing of lipid measurements, and covariate selection in multivariable models[7]. Case-control studies may be affected by prevalence-incidence bias because patients with longer survival are more likely to be included. Prospective cohort studies can reduce this bias, but incomplete follow-up, informative censoring, and variation in endpoint ascertainment may still influence survival estimates.
The timing of lipid measurement is another important source of heterogeneity. Lipid profiles measured close to diagnosis may reflect early disease biology and baseline metabolic reserve, whereas measurements obtained later may be influenced by dysphagia, reduced intake, weight loss, respiratory decline, nutritional supplementation, gastrostomy, ventilation, or other supportive interventions. Differences in lipid assay methods, direct measurement versus formula-based estimation, sample type, fasting status, and whether lipid variables are modeled as continuous, binary, or categorical predictors may also affect results[34].
Covariate adjustment strategies differ substantially across studies. Some studies adjust primarily for demographic and clinical variables, whereas others include BMI, FVC, ALSFRS-R score, progression rate, site of onset, Riluzole use, nutritional indicators, or lifestyle factors. Because ALS prognosis is strongly influenced by nutritional status, respiratory function, disease stage, and supportive interventions, inconsistent covariate adjustment may lead to different estimates and complicate meta-analysis. In addition, genetic background may contribute to heterogeneity across populations. Common ALS-related genes include C9orf72, SOD1, TARDBP, and FUS[35], and variants in ATXN2, C9orf72, and FUS have been associated with shorter ALS survival[36]. Population-specific genetic structure may therefore partly explain differences between Chinese and European cohorts.
Future research should prioritize large, prospective, multicenter cohorts with standardized lipid measurement protocols, serial lipid assessments, longitudinal nutritional and metabolic data, detailed records of lipid-lowering medications, respiratory and nutritional interventions, and systematic genetic testing. Landmark analyses and time-updated models may help clarify whether lipid changes precede disease acceleration or reflect disease progression. Such studies are needed to determine whether lipid markers add independent prognostic value beyond established clinical predictors and whether they can be incorporated into individualized ALS prognostic models.

2.4 Reverse causality and disease-stage-related lipid changes
Reverse causality is an important issue in interpreting the relationship between lipid levels and ALS outcomes. Although higher TC or LDL was nominally associated with slower progression or longer observed survival in our cohort, these findings do not necessarily indicate that higher lipid levels directly improve prognosis. ALS is frequently accompanied by altered energy metabolism, hypermetabolism, weight loss, dysphagia, and progressive nutritional compromise[31, 37-40]. Therefore, lower lipid levels may reflect more advanced disease, greater metabolic consumption, reduced caloric intake, or poorer nutritional reserve at or before baseline. Conversely, higher TC or LDL may indicate a less catabolic state or better-preserved metabolic reserve.
We attempted to partly address this issue using the available baseline data. In the multivariable analyses of baseline clinical features, TC and LDL were not clearly associated with baseline ALSFRS-R score, baseline ALSFRS-R slope, FVC % predicted, bulbar onset, or family history of ALS (Table S2). In addition, the prognostic models adjusted for baseline ALSFRS-R score and slope, BMI, FVC % predicted, site of onset, diagnostic grade, Riluzole use, ALSFRS-R subcategory scores, dietary variables, and exercise. These analyses reduce, but cannot eliminate, the possibility that baseline lipid levels were influenced by pre-existing disease severity or metabolic deterioration.
Several limitations prevent us from fully separating prognostic association from reverse causality. We did not have lipid measurements before ALS onset, repeated lipid profiles during follow-up, longitudinal body weight or body composition data, direct resting energy expenditure measurements, or detailed time-updated nutritional and ventilatory intervention data. Therefore, we cannot determine whether lower lipid levels preceded faster progression or were a consequence of more aggressive disease biology. The findings should therefore be interpreted as exploratory prognostic associations rather than evidence of causal or protective effects. Future prospective studies with serial lipid measurements, longitudinal nutritional and metabolic assessments, and landmark or time-updated analyses are needed to clarify the temporal relationship between lipid metabolism and ALS progression.

2.5 Potential impact of unmeasured confounding
Although our multivariable models adjusted for several available baseline prognostic and metabolic variables, including BMI, FVC % predicted, baseline ALSFRS-R score and slope, ALSFRS-R subcategory scores, dietary factors, exercise, Riluzole use, and major demographic and clinical characteristics, residual confounding from unmeasured or incompletely measured factors remains possible. This is particularly relevant for lipid-lowering medications, longitudinal nutritional status and weight change, ventilatory and supportive interventions, and genetic background.
First, information on lipid-lowering medications was not available in this retrospective cohort. Such medications, particularly statins, may directly reduce TC and LDL levels and may also indicate underlying cardiovascular or metabolic comorbidity. Previous studies on statin use and ALS outcomes have reported inconsistent findings. Nefussy et al. reported a possible sex-specific association between statin use and faster functional decline in female patients but not in male patients[33]. In contrast, Weisskopf et al. reported that any statin use up to three years before ALS onset was associated with a lower hazard of death, although the authors noted that duration of statin use may partly explain this finding[41]. More recently, Vaage et al. found no association between statin use and ALS survival in a population-based cohort[42]. Therefore, the absence of lipid-lowering medication data may have introduced residual confounding by both treatment effects and treatment indication. If patients receiving lipid-lowering therapy had lower measured TC or LDL but differed in cardiovascular or metabolic comorbidity, health-care access, or survival probability, the observed associations between baseline lipids and ALS outcomes could have been attenuated, exaggerated, or shifted in direction.
Second, we could adjust only for baseline BMI and available baseline dietary, swallowing, and respiratory-related variables, but not for longitudinal changes in body weight, nutritional intake, body composition, or hypermetabolic status during follow-up. This limitation is important because low BMI, weight loss, malnutrition, and hypermetabolism are well-established adverse prognostic factors in ALS[31, 37-40]. In addition, longitudinal BMI data suggest that long-term BMI decline before diagnosis is associated with shorter ALS survival[43]. Thus, lower lipid levels may partly reflect more advanced disease, higher metabolic consumption, or poorer nutritional reserve rather than a direct effect of lipid levels on disease progression or survival. Conversely, higher TC or LDL may be a marker of preserved metabolic reserve, slower catabolic status, or better nutritional maintenance. This possibility is consistent with a reverse-causality interpretation and should be considered when interpreting the nominal associations observed in this study.
Third, we lacked detailed longitudinal data on non-invasive ventilation, percutaneous gastrostomy after enrollment, nutritional supplementation, multidisciplinary care, rehabilitation, and other supportive interventions. These interventions may prolong survival or alter the timing of death or tracheotomy independently of baseline lipid levels. Previous studies have shown that NIV use is associated with better survival in ALS[44], that PEG may improve survival in dysphagic ALS patients[45], and that multidisciplinary care with timely respiratory support and gastrostomy may contribute to survival benefit[46]. Although baseline FVC % predicted and ALSFRS-R respiratory-related scores were included in the models, these variables cannot fully capture subsequent respiratory decline, timing and duration of ventilatory support, nutritional interventions, or differences in access to supportive care. Unmeasured differences in such interventions may therefore have influenced the survival analyses.
Finally, genetic testing data were not systematically available. Although family history of ALS was included as a covariate, family history is an imperfect proxy for genetic background. The genetic architecture of ALS is complex, and common ALS-related genes include C9orf72, SOD1, TARDBP, and FUS[35]. In addition, a systematic review and meta-analysis reported that variants in ATXN2, C9orf72, and FUS were associated with shorter ALS survival[36]. Genetic background may influence age at onset, progression rate, survival, cognitive or behavioral involvement, and possibly metabolic phenotypes. The inability to adjust for genetic background may therefore have contributed to residual heterogeneity and could partly explain differences between our results and findings from other populations.
Taken together, these unmeasured factors limit causal interpretation of our findings. The observed associations between higher TC or LDL and slower progression or longer observed survival should therefore be interpreted as exploratory prognostic associations rather than evidence that lipid levels themselves are protective. Future prospective studies should collect time-updated information on lipid-lowering medications, nutritional status, body weight and body composition, respiratory and nutritional interventions, supportive care, and genetic background to more clearly separate lipid-related prognostic signals from confounding and reverse causality.
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