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Abstract 25 

Background: Mild Cognitive Impairment (MCI) is a condition between normal ageing 26 

and Alzheimer’s Disease (AD), with around 12% of individuals progressing to AD each year. 27 

Understanding how cognitive functions evolve over time in people with MCI, especially those 28 

who eventually develop AD, is key to improving early detection and intervention.  29 

 Objectives: To investigate the longitudinal changes in the relationships between 30 

cognitive functions in patients with MCI, which will or will not convert to AD. 31 

Methods: We applied Cross-Lagged Panel Network (CLPN) to data from the 32 

Alzheimer’s Disease Neuroimaging Initiative (ADNI). We analyzed cognitive evaluations over 33 

two years in 128 converters to AD (convMCI), 390 non-converters (stabMCI), and 362 healthy 34 

participants (HP). 35 

Results: HP and stabMCI showed increasing stability in their performance over time 36 

(i.e., a performance at one time predicting the same performance at a later point), while 37 

convMCI experienced a decline. Additionally, while HP maintained stable relationships 38 

between different tests (i.e., a performance at one time predicting a different performance at a 39 

later point), individuals with MCI showed more fluctuation, particularly those who progress to 40 

AD. We also found that executive functions were the most reliable predictors of future 41 

cognition in healthy participants, while memory played a more critical role in predicting 42 

outcomes for MCI patients, especially those who convert to dementia. 43 

Conclusions: These findings highlight different cognitive trajectories in MCI patients, 44 

offering valuable insights into how cognitive decline unfolds in those at risk of developing 45 

dementia. Our results shed new light on the longitudinal reorganization of cognitive 46 

performances. 47 
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Introduction  52 

According to the World Health Organization, there are currently 50 million individuals 53 

living with dementia worldwide, and this number is expected to triple by 2050.1  Mild Cognitive 54 

Impairment (MCI) is characterized by a cognitive impairment that does not affect a person’s 55 

basic activities of daily living. MCI patients’ cognitive performances tend to fall midway 56 

between normal ageing and mild AD.2 Although the clinical manifestation, aetiology, and 57 

outcome of MCI are heterogeneous, these patients progress to dementia at a rate of 58 

approximately 12% per year.3 Despite new approved pharmacological treatments showing 59 

encouraging results,4,5 the early detection of dementia is critical to allow patients and families 60 

to plan and receive the available support and take advantage of the limited treatment options 61 

available.6 62 

Cognitive functioning is a dynamic system where different cognitive processes interact,7 63 

determining the whole system's behaviour. Van Der Maas and collaborators have shown that 64 

performances on cognitive tasks, measured with neuropsychological tests, are invariably 65 

positively intercorrelated (i.e., positive manifold), suggesting that people who score well on 66 

one cognitive test are likely to score well on the others.7 In this framework, changes in one 67 

cognitive domain may influence the relationship between other functions. Such complexity of 68 

the cognitive organisation has been explored using Network Analysis (NA) to evaluate the 69 

relationships between cognitive functions in cross-sectional studies.7–9 A network is defined as 70 

a model composed of a set of nodes, representing the variables of interest, and a set of edges 71 

that connect the nodes, which represent their relations.10 This conceptual simplicity makes 72 

network analysis useful for exploring systems where many variables are correlated with each 73 

other in a complex manner, giving back outcomes that are measurable, comprehensible, and yet 74 

not oversimplifying.11,12 Previous studies have shown that cognitive impairment not only 75 

diminishes cognitive performance13 but also disrupts the balance between cognitive 76 
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functions.9,13,14 In particular, healthy older adults and people with Subjective Cognitive Decline 77 

(SCD) are characterized by fractionated communities of neuropsychological tests, which 78 

resemble neurocognitive domains (i.e., memory, language, etc.).8,14 Such an organization has 79 

been suggested to indicate that each cognitive test mostly captures one cognitive function, 80 

although it is not uniquely related to it.9,14 Conversely, AD seems to reduce the fractionalization 81 

of the cognitive architecture, with a higher density of connections, implying a simplification of 82 

the dimensionality of individual differences.9,14 A higher density of connections may reflect the 83 

massive recruitment of non-specific and general cognitive processes to solve a single task. 84 

However, evidence about longitudinal patterns is still missing, as previous research focused on 85 

cross-sectional studies. 86 

The present study aims to investigate the longitudinal changes in the relationships 87 

between cognitive functions in patients with MCI, who will or will not convert to Alzheimer’s 88 

Disease (AD). We tackled this issue by means of cross-lagged panel network (CLPN) models, 89 

a cutting-edge method to investigate the relationship between cognitive performance on 90 

different measurement occasions.15 The importance of using network analysis to study 91 

longitudinal changes in cognitive impairment becomes particularly clear when we consider Van 92 

der Maas's proposal that cognitive processes are uncorrelated in the early stages of development 93 

and that the positive manifold emerges as a consequence of mutual interactions between 94 

processes.7 We applied CLPN to a relatively large sample of patients with Mild Cognitive 95 

Impairment (MCI), differentiating between those who will convert to AD and those who will 96 

not. As a reference, we also investigated the longitudinal evolution of a group of healthy older 97 

adults. 98 

  99 
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Methods 100 

Participants 101 

Data used to prepare this article were obtained from the Alzheimer’s Disease 102 

Neuroimaging Initiative (ADNI) database (adni.loni.usc.edu) in November 2023. The ADNI 103 

was launched in 2003 as a public-private partnership led by Principal Investigator Michael W. 104 

Weiner, MD. The primary goal of ADNI has been to test whether serial magnetic resonance 105 

imaging (MRI), positron emission tomography (PET), other biological markers, and clinical 106 

and neuropsychological assessment can be combined to measure the progression of mild 107 

cognitive impairment (MCI) and early Alzheimer’s disease (AD). We focused our study on the 108 

clinical data (i.e., neuropsychological assessment) attached to the ADNI. We extracted three 109 

cognitive evaluations of two groups of MCI patients who will convert to Alzheimer’s Disease 110 

(convMCI; N=128, 48 females, mean age: 74.70±6.94, mean years of education: 16.00±2.72, 111 

mean years of conversion: 4.97±2.27) or not (stabMCI; N=390, 158 females, mean age: 112 

73.2±7.60, mean years of education: 15.90±2.84) and a group of healthy participants (HP; 113 

N=362, 188 females, mean age: 73.80±5.93, mean years of education: 16.50±2.65).  114 

For all groups, we considered three time points: a baseline assessment administered as 115 

a first visit in the ADNI protocol, and two assessments administered after 12 and 24 months 116 

from the baseline. Crucially, all patients presented a stable diagnosis across all time points, so 117 

that HP never developed MCI and MCI never developed AD during the period we considered. 118 

Table 1 shows how long the groups were followed in the ADNI study. 119 

Table 1 120 

Period covered by the ADNI study and number of assessments 121 

Group Mean time St. dev. time Mean assessments St. dev. assessments 
HP 73.60 43.50 6.78 2.81 

MCI – converter  76.70 32.00 8.55 2.73 

MCI – non-converter  55.40 37.20 6.68 3.09 
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Note. Time is expressed in months; assessments are expressed in numbers of visits over time. 122 

Measures 123 

We considered raw scores of the following neuropsychological tests: Mini-Mental State 124 

Examination;16 Category Fluency test – animals;17 Boston Naming Test;18 Rey Auditory Verbal 125 

Learning Test – delayed recall and recognition;18 Logical memory test – immediate and delayed 126 

recall (modified from19); Clock Drawing Test – drawing and copy,20 and Trail Making Test – 127 

part A and part B.21–24 We selected tests with less than 20% missing values in the first visit and 128 

time points with less than 20% missing values in all selected tests. The 20% missing values cut-129 

off allowed us to maintain a good balance between having a representative number of tests that 130 

cover the main cognitive domains (general cognition, executive functions, language, memory, 131 

and praxis) and having a relatively large sample size to draw robust conclusions.  132 

Test scores were used as nodes of the network in the CLPN model. 133 

Statistical analysis  134 

For each group of participants and each test, we imputed missing values using the 135 

imputation function from the longitudinalData package25,26 for the statistical software R. We 136 

used the copyMean.bisector method, an algorithm that has been proven to recover the original 137 

model for longitudinal data well. The method imputes missing data in two stages. First, it uses 138 

the classical longitudinal imputation method to obtain an approximation of the imputed value 139 

(i.e., for intermittent missing values (i.e., in the middle), values immediately surrounding the 140 

missing are joined by a line; for monotone missing values (i.e., at the start and at the end of the 141 

trajectory), points are chosen on the bisectrices of global (i.e., average trajectory) and local 142 

slopes). A second step uses the information provided by the population's mean trajectory to 143 

refine the first approximation; that is, to give the imputed trajectory the same shape as the mean 144 

trajectory25,27. This method has been validated in datasets with 10%, 30% and 50% of missing 145 
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data.26 The authors showed that the algorithm works well up to 50% of missing values and that 146 

it is capable of recovering the data generative model equally well at 10% or 50% of missing 147 

values. With less than 20% of missing values per participant, we are safe to proceed with this 148 

algorithm choice.  149 

We compared groups’ age and education with one-way ANOVAs, and sex distribution 150 

with the chi-squared test; moreover, we compared groups’ trajectories in all the 151 

neuropsychological tests with mixed ANOVAs. Then, for each group, we standardized the 152 

neuropsychological test scores based on mean and variance across all three waves. We used 153 

cross-lagged panel network (CLPN) models to investigate the relationship between cognitive 154 

performance on different measurement occasions from a network perspective. We assessed 155 

edges and node-wise prediction stability via bootstrap (500 samples). 156 

Cross-Lagged Panel Network (CLPN) model. The CLPN model has been developed by 157 

Wysocki and colleagues14 to model the relations between variables (i.e., nodes of the network) 158 

as directed paths across time (i.e., edges of the network). Cross-lagged effects are estimated by 159 

regressing a set of variables at a measurement occasion t+1 on the set of variables at the 160 

previous occasion t, thus obtaining the effect of each variable on the other over a particular time 161 

lag, while controlling for the auto-regressive effect of each variable on itself. As suggested by 162 

Wysocki and colleagues,14 we interpreted cross-lagged and autoregressive paths in terms of 163 

prediction. That is, a regression path from variable X at occasion t to a variable Y (or the same 164 

variable X) at future occasion t+1 suggests that a change in X predicts a change in Y (or X 165 

itself) over the course of that specific time lag. Thus, paths reflect the variance shared between 166 

a variable at occasion t and another variable at the following occasion (t+1) while controlling 167 

for all other variables at occasion t. The model has two main assumptions: (i) time intervals 168 

between measurement points are equally spaced; (ii) the sample size must be greater than the 169 

total number of variables at all measurement occasions. We extracted the data from the ADNI 170 
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database to meet both criteria (see Measures and Participants sections). Importantly, CLPN 171 

models can admit different longitudinal patterns across different measurement occasions (i.e., 172 

different effects across time points). To deal with the great number of paths to estimate, the 173 

CLPN model uses a hybrid estimation approach: the initial model is selected using LASSO 174 

regularized regression, and then the same model is estimated again as a structural equation 175 

model (SEM). 176 

In the first step, edges are estimated as linear regression coefficients of each node (i.e., 177 

variable) on itself and each other variable, from one measurement occasion (t) to the next (t+1). 178 

Regression coefficients are estimated using Least Absolute Shrinkage and Selection Operator 179 

Regression (LASSO) regression, a penalized regression approach that leads small relationships 180 

to shrink to zero, thus achieving a sparse solution (i.e., most of the parameters are zeros) that 181 

prevents overfitting 23. LASSO uses a parameter called lambda (λ) to control the sparsity of the 182 

network. Lambda is selected through cross-validation, a method that evaluates the model 183 

performance on different subsets of the data and then calculates the average prediction error 184 

rate. In this case, regression estimates are obtained for a sequence of 100 lambda values, and 185 

the one that produces the lowest cross-validation error is chosen (i.e., the value with the lowest 186 

prediction error).  187 

In the second step, we fixed to zero the edges that were estimated to be zero in the first 188 

step and re-estimated the model as a non-regularized regression within an SEM. This step 189 

provides non-regularized edges but maintains the model estimated via the LASSO regression. 190 

To investigate whether the predictive relations across measurement occasions are equal, we 191 

fitted two nested models: (i) an unconstrained model where path weights are allowed to vary 192 

across time points (i.e., it allows edges to take on different values across subsequent time 193 

intervals); and (ii) a constrained model, such that paths from T0 to T1 are constrained to be 194 

equal to paths from T1 to T2. We compared the models and selected the best-fitting one. 195 
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From the selected model, we computed (i) the average linear regression coefficients 196 

(i.e., edges weight) of all variables on themselves at the following occasion (i.e., autoregressive 197 

mean weight); (ii) the average linear regression coefficients (i.e., edges weight) of all variables 198 

on all the other variables at the following occasion (i.e., cross-lagged mean weight); (iii) the 199 

proportion of variance in each variable at a measurement occasion that is explained (i.e., 200 

predicted) by the complete set of variables at the previous occasion, excluding autoregressive 201 

patterns (i.e., cross-lagged in-prediction) and (iv) the average proportion of variance across all 202 

variables at the next measurement occasion that is accounted for (i.e., predicted) by a single 203 

variable at the previous occasion, excluding autoregressive patterns (i.e., cross-lagged out-204 

prediction). Prediction indices can range from 0 (i.e., the variable shares no variance with the 205 

other nodes at different time points) to 1 (i.e., the entire variance of the node is shared with the 206 

other variables in the network at different time points). In the context of CLNP models, in-207 

predictions and out-predictions are considered as measures of variable centrality. 208 

As a final step, we used a bootstrap method to assess the stability of predictions and 209 

edges. To create a sampling distribution of these indices, we resampled 500 times with 210 

replacement, computed the model on each replica, and calculated regression coefficients, in- 211 

and out-predictions from each sample.  212 

All analyses were done in R (R Core Team, version 4.3.2, 2023). R code for the CLPN 213 

estimation was freely available at osf.io/9h5nj.15 CLPN regressions were estimated with the 214 

glmnet package,28 SEMs were estimated with the lavaan package,29 and networks were plotted 215 

using the qgraph package.30 216 

The analysis codes supporting the conclusions of this article are available in the Open 217 

Science Framework repository at the following link: 218 

https://osf.io/s8qpk/?view_only=b3179b92b5284b7ba911f329272a3339.  219 
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No part of the study procedures or analysis was pre-registered before the research was 220 

conducted. 221 

  222 



12 
 

Results 223 

One-way ANOVAs between groups revealed significant differences in years of 224 

education (F(2,877) = 4.11, p = 0.02, general eta2 = 0.009): future converters were older (mean 225 

and standard deviation = 74.7 ± 6.94) as compared to the other groups (stable MCI mean and 226 

standard deviation = 73.2 ± 7.60; healthy participants mean and standard deviation = 73.8 ± 227 

5.93). Differences in age were not significant (F(2,877) = 2.28, p = 0.06) between groups. The 228 

chi-squared test showed a significant difference in sex distribution across groups (X2(2) = 229 

13.108, p = 0.001, V = 0.08): 40.5% female stable MCI, 51.93% female healthy participants, 230 

and 37.50% female future converters. 231 

Mixed (within-between) ANOVAs showed significant differences between groups for 232 

all neuropsychological tests (all p-values < 0.001). Language, memory, and screening tests also 233 

showed significant effects of time (p-values < 0.05) and significant interaction between group 234 

and time (p-values < 0.05). See Supplemental Material Table SM1 for specific results and 235 

Supplemental Material Figure SM1 for the group trajectories across time. As expected, healthy 236 

subjects showed higher cognitive performances and a more stable trajectory over time 237 

compared to MCI patients. When focusing on clinical patients (i.e., converter and non-converter 238 

MCI), we found a significant interaction between group and time for memory tests and the BNT 239 

only. In particular, future converters were more compromised and revealed a steeper worsening 240 

over time. 241 

Cross-Lagged Panel Network Model 242 

We described selected models via (i) the mean edge weight, as measuring the strength 243 

of the connections in the network; (ii) the density of the network, as an index of the proportion 244 

of existing edges on the total number of all possible edges;31 (iii) the autoregressive mean 245 

weight (i.e., the average linear regression coefficients of all variables on themselves at the 246 
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following occasion); (iv) the cross-lagged mean weight (i.e., the average linear regression 247 

coefficients of all variables on all the other variables at the following occasion); (v) cross-248 

lagged in-prediction (i.e., the extent to which each variable is predicted by other variables, 249 

excluding auto-regressive patterns); (vi) cross-lagged out-prediction (i.e., the extent to which 250 

each variable predicts other variables in the network, excluding auto-regressive patterns); (vii) 251 

bootstrap confidence intervals (CIs), assessing estimates stability. 252 

Healthy participants. An unconstrained model, where path weights are allowed to vary 253 

across time points, fitted the data better, although edge density was equal in both years (density 254 

= 0.686; 95% CI [0.603; 0.769]; the full list of weights is reported in Supplementary Materials 255 

Table SM2). All tests showed autoregressive patterns (i.e., each variable at time t predicting 256 

itself at the following occasion t+1), with a lower mean weight in the first year (M = 0.401; 257 

95% CI [0.308; 0.494]) than in the second one (M = 0.515; 95% CI [0.383; 0.647]), suggesting 258 

that subjects with high performance at the baseline tend to maintain high performance at the 259 

following time point with increasing predictive power (i.e., increasing regression coefficients) 260 

and variability across years. Cross-lagged patterns (i.e., each variable at time t predicting other 261 

variables at the following occasion t+1) were similar between the first (M = 0.047; 95% CI 262 

[0.036; 0.059]) and the second year (M = 0.043; 95% CI [0.032; 0.054]), with prediction both 263 

within cognitive domains (i.e., the delayed recall of the RAVL test predicted the delayed recall 264 

of the Logical Memory Test) and between them (i.e., the Trail Making Test performance 265 

predicts the Boston Naming Test score; Figure 1). Bootstrap results revealed that most of the 266 

prediction patterns are quite stable (i.e., observed edge and bootstrap edge mean overlap), but 267 

many edge CIs included zero, suggesting careful consideration of the smallest predictions (see 268 

Supplementary Materials Figure SM2). Looking at the cross-lagged in-prediction (i.e., the 269 

extent to which each variable is predicted by other variables at the previous occasion t-1, 270 

excluding auto-regressive patterns), the delayed recall of the Logical Memory Test (0.129) and 271 
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the Trail Making Test, part A (0.111) were the most predictable scores. More interestingly, the 272 

Trail Making Test, part B, showed the highest predictive power across years, because it had the 273 

highest cross-lagged out-prediction (i.e., the extent to which each variable predicts other 274 

variables at the following occasion, excluding auto-regressive patterns; first year = 0.012; 275 

second year = 0.021; see Figure 1). Cross-lagged predictions are presented in the 276 

Supplementary Materials (Table SM5). 277 



15 
 

 278 
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Figure 1. HP network and prediction. The upper panel shows the longitudinal networks: the left network shows the 279 
longitudinal prediction from the baseline assessment to the 12 months’ assessment (i.e., T1); the right network shows the 280 
longitudinal prediction from the 12 months’ assessment to the 24 months’ assessment (i.e., T2). Red edges indicate negative 281 
relations; green edges show positive ones. The edges’ size and colour saturation represent the relationships’ intensity. 282 
Autoregressive patterns are shown as edges starting from a node and ending at the same node. For example, the MMSE has 283 
positive autoregressive patterns in both years, meaning that higher MMSE scores at the baseline are associated with higher 284 
MMSE scores at 12 months, and higher MMSE scores at 12 months are associated with higher MMSE scores at 24 months. 285 
Cross-lagged patterns are depicted as edges starting from a node and ending at another node. For example, the TMTb negatively 286 
predicts the MMSE in both years, meaning that higher TMTb scores at the baseline are associated with lower MMSE scores at 287 
12 months, and higher TMTb scores at 12 months are associated with lower MMSE scores at 24 months. The nodes’ colours 288 
represent the cognitive domains (nodes with the same colour belong to the same cognitive domains). The lower panel shows 289 
the cross-lagged in- and out-prediction (i.e., the extent to which each variable is predicted by or predicts other variables, 290 
excluding auto-regressive patterns) and their reliability. Green lines represent the fitted prediction, red lines represent 291 
bootstrapped predictions: the more these predictions are similar, the more the results are robust. Grey areas represent bootstrap 292 
CIs: the narrower the CIs, the more replicable the results. T1 = prediction from baseline (bl) to 12 months (m012); T2 = 293 
prediction from 12 months (m012) to 24 months (m024); BNT=Boston Naming Test; CDTc=Clock Drawing Test (copy); 294 
CDTd=Clock Drawing Test (draw); LMemI=Logical Memory Test – immediate recall; LMemD=Logical Memory Test – 295 
delayed recall; MMSE=Mini Mental State Examination; RAVLr=Rey Auditory Verbal Learning Test - recognition; 296 
RAVLd=Rey Auditory Verbal Learning Test - delayed recall; SemF=Semantic Fluency test (animal); TMTa=Trial making 297 
Test – a; TMTb=Trial making Test – b.  298 

MCI patients – non-converter group. The MCI non-converter networks showed a 299 

density index of 0.860 (95% CI [0.798; 0.921]) in both years (the full list of weights is reported 300 

in Supplementary Materials Table SM3), although an unconstrained model fitted the data better. 301 

Almost all tests showed autoregressive patterns (i.e., each variable predicting itself at the 302 

following occasion) in both years, with a great increase from the first (M = 0.453; 95% CI 303 

[0.331; 0.576]) to the second year (M = 0.729; 95% CI [0.649; 0.810]), suggesting that subjects 304 

tend to predict their performance at following time points with increasing predictive power and 305 

decreasing variability across years, even more than healthy participants. Cross-lagged patterns 306 

(i.e., each variable predicting other variables at the following occasion) decreased from the first 307 

(M = 0.068; 95% CI [0.054; 0.082]) to the second year (M = 0.045; 95% CI [0.037; 0.054]), 308 

showing higher predictive patterns than the HP in the first year, and then coming back to a 309 

similar level. We found cross-lagged patterns within and between cognitive domains (Figure 2, 310 

upper panel). Bootstrap analysis revealed even more stable results than the HP group (see 311 

Supplementary Materials Figure SM3). Looking at the cross-lagged in-prediction (i.e., the 312 

extent to which each variable is predicted by other variables, excluding auto-regressive 313 

patterns), the subtests of the Logical Memory Test were the most predictable scores in the first 314 
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(delayed recall = 0.268) and the second year (immediate recall = 0.095). Interestingly, the 315 

delayed recall of the RAVL test showed the highest predictive power (i.e., cross-lagged out-316 

prediction) in the first year (0.034), and the delayed recall of the Logical Memory Test showed 317 

the highest predictive power in the second year (0.009; see Figure 2, lower panel). Cross-lagged 318 

predictions are presented in the Supplementary Materials (Table SM6). 319 
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Figure 2. MCI non-converter network and prediction. The upper panel shows the longitudinal networks: the left network shows 321 
the longitudinal prediction from the baseline assessment to the 12 months’ assessment (i.e., T1); the right network shows the 322 
longitudinal prediction from the 12 months’ assessment to the 24 months’ assessment  (i.e., T2). Red edges indicate negative 323 
relations; green edges show positive ones. The edges' size and colour saturation represent the relationships' intensity. 324 
Autoregressive patterns are shown as edges starting from a node and ending at the same node. For example, the MMSE has 325 
positive autoregressive patterns in both years, meaning that higher MMSE scores at the baseline are associated with higher 326 
MMSE scores at 12 months, and higher MMSE scores at 12 months are associated with higher MMSE scores at 24 months. 327 
Cross-lagged patterns are depicted as edges starting from a node and ending at another node. For example, the RAVLd 328 
positively predicts the LMemI in the first year, meaning that higher RAVLd scores at the baseline are associated with higher 329 
LMemI scores at 12 months. The nodes’ colours represent the cognitive domains (nodes with the same colour belong to the 330 
same cognitive domains). The lower panel shows the cross-lagged in- and out-prediction (i.e., the extent to which each variable 331 
is predicted by or predicts other variables, excluding auto-regressive patterns) and their reliability. Green lines represent the 332 
fitted prediction, red lines represent bootstrapped predictions: the more these predictions are similar, the more the results are 333 
robust. Grey areas represent bootstrap CIs: the narrower the CIs, the more replicable the results. T1 = prediction from baseline 334 
(bl) to 12 months (m012); T2 = prediction from 12 months (m012) to 24 months (m024); BNT=Boston Naming Test; 335 
CDTc=Clock Drawing Test (copy); CDTd=Clock Drawing Test (draw); LMemI=Logical Memory Test – immediate recall; 336 
LMemD=Logical Memory Test – delayed recall; MMSE=Mini Mental State Examination; RAVLr=Rey Auditory Verbal 337 
Learning Test - recognition; RAVLd=Rey Auditory Verbal Learning Test - delayed recall; SemF=Semantic Fluency test 338 
(animal); TMTa=Trial making Test – a; TMTb=Trial making Test – b. 339 

MCI patients – converter group. The MCI converter networks showed a density index 340 

of 0.669 (95% CI [0.586; 0.753]) in both years (the full list of weights is reported in 341 

Supplementary Material Table SM4), although an unconstrained model was the best one. 342 

Almost all tests showed autoregressive patterns in both years (i.e., each variable predicting itself 343 

at the following occasion), with slightly higher mean weight in the first year (M = 0.520; 95% 344 

CI [0.361; 0.680]) than in the second year (M = 0.490; 95% CI [0.375; 0.606]), suggesting that 345 

subjects with high performance at the baseline tend to maintain high performance at the 346 

following time point with decreasing predictive power and variability across years. Cross-347 

lagged patterns (i.e., each variable predicting other variables at the following occasion) were 348 

similar across years (first year M = 0.069; 95% CI [0.054; 0.084]; second year M = 0.069; 95% 349 

CI [0.054; 0.084]) but higher than in the HP group. We found cross-lagged patterns within and 350 

between cognitive domains (Figure 3, upper panel). Bootstrap analysis revealed less stable 351 

results than the HP group, likely due to the lower sample size (see Supplementary Materials 352 

Figure SM4). Looking at the cross-lagged in-prediction (i.e., the extent to which each variable 353 

is predicted by other variables, excluding auto-regressive patterns), the immediate recall of the 354 

Logical Memory Test is the most predictable test both in the first (0.280) and the second year 355 

(0.297). Notably, the delayed recall of the RAVL test showed the highest predictive power (first 356 
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year cross-lagged out-prediction = 0.020; second year cross-lagged out-prediction = 0.019; see 357 

Figure 3, lower panel).  Cross-lagged predictions are presented in the Supplementary Materials 358 

(Table SM7). 359 
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Figure 3. MCI converter network and prediction. The upper panel shows the longitudinal networks: the left network shows 361 
the longitudinal prediction from the baseline assessment to the 12 months’ assessment (i.e., T1); the right network shows the 362 
longitudinal prediction from the 12 months’ assessment to the 24 months’ assessment  (i.e., T2). Red edges indicate negative 363 
relations; green edges show positive ones. The edges' size and colour saturation represent the relationships' intensity. 364 
Autoregressive patterns are shown as edges starting from a node and ending at the same node. For example, the MMSE has 365 
positive autoregressive patterns in both years, meaning that higher MMSE scores at the baseline are associated with higher 366 
MMSE scores at 12 months, and higher MMSE scores at 12 months are associated with higher MMSE scores at 24 months. 367 
Cross-lagged patterns are depicted as edges starting from a node and ending at another node. For example, the TMTb negatively 368 
predicts the MMSE in the first year, meaning that higher TMTb scores at the baseline are associated with lower MMSE scores 369 
at 12 months. The nodes’ colours represent the cognitive domains (nodes with the same colour belong to the same cognitive 370 
domains). The lower panel shows the cross-lagged in- and out-prediction (i.e., the extent to which each variable is predicted 371 
by or predicts other variables, excluding auto-regressive patterns) and their reliability. Green lines represent the fitted 372 
prediction, red lines represent bootstrapped predictions: the more these predictions are similar, the more the results are robust. 373 
Grey areas represent bootstrap CIs: the narrower the CIs, the more replicable the results. T1 = prediction from baseline (bl) to 374 
12 months (m012); T2 = prediction from 12 months (m012) to 24 months (m024); BNT=Boston Naming Test; CDTc=Clock 375 
Drawing Test (copy); CDTd=Clock Drawing Test (draw); LMemI=Logical Memory Test – immediate recall; LMemD=Logical 376 
Memory Test – delayed recall; MMSE=Mini Mental State Examination; RAVLr=Rey Auditory Verbal Learning Test - 377 
recognition; RAVLd=Rey Auditory Verbal Learning Test - delayed recall; SemF=Semantic Fluency test (animal); TMTa=Trial 378 
making Test – a; TMTb=Trial making Test – b. 379 
  380 
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Discussion 381 

Mild Cognitive Impairment (MCI) is characterized by a cognitive impairment that 382 

does not affect a person’s basic activities of daily living.32,33 These patients progress to 383 

dementia at a rate of approximately 12% per year,3 making prognostic information of pivotal 384 

importance. Prevention and early detection of dementia is one of the challenges in older adult 385 

healthcare. Indeed, the early detection of dementia is crucial to receiving support and the 386 

treatment options available.6 To this end, a promising approach is to study the longitudinal 387 

evolution of MCI patients who do or do not progress to Alzheimer's disease. In the present 388 

paper, we aimed to do so from a network analysis (NA) perspective.  389 

Previous studies adopting NA showed a reorganization of the relationships among 390 

neurocognitive variables in MCI patients8,14 as compared with healthy subjects and AD 391 

patients. However, those results emerged from cross-sectional studies, lacking evidence about 392 

longitudinal patterns, and did not distinguish between stable and converter MCI. Here, we 393 

used cross-lagged panel network (CLPN) models to investigate the progression of cognitive 394 

performance and its relationships on different measurement occasions15. CLPN models the 395 

relations between a variable at occasion t and another variable at the following occasion (t+1) 396 

while controlling for all other variables at occasion t. The resulting network represents 397 

variables as nodes and regression parameters between measurement occasions as edges 398 

between them. Importantly, different effects across time points are permitted, thus showing 399 

changes in the associations between variables across time. 400 

Data used to prepare this article were obtained from the ADNI database 401 

(adni.loni.usc.edu). We extracted three cognitive evaluations of two groups of MCI patients 402 

who will convert to Alzheimer’s Disease or not, and a group of healthy participants as a 403 

reference group. The groups differed in years of education and sex distribution, with lower 404 

education and a higher prevalence of males in the clinical groups as compared to the HP.  405 
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From the literature, we know that MCI patients’ cognitive performances tend to fall 406 

midway between normal ageing and mild AD.3,14 Indeed, most of the cognitive tests that we 407 

considered showed a significant interaction between group and time. Specifically, healthy 408 

participants scored higher on every test, and MCI performance decreased the most over time. 409 

The follow-up analysis considering the MCI groups only showed that future converters’ 410 

memory functions were generally more compromised and revealed a stronger worsening over 411 

time. While this profile is interesting, it also has limitations. It indeed highlights the 412 

differences between the two MCI groups in each specific test. This paper focuses on a more 413 

nuanced and comprehensive vision of the changes in people. Specifically, we hypothesized 414 

that changes occur in the average performance at different tests and the relationships between 415 

cognitive performances over time. This approach conveys richer outcomes, unveiling new 416 

insights about the studied populations. In other words, what can CLPN models tell us more 417 

than the most traditional approaches? 418 

All networks fit an unconstrained model, where path weights are allowed to vary 419 

across time points. This suggests that we have different cognitive trajectories over the 420 

considered time period (two years from the first visit), and the effect of time is not linear and 421 

equivalent over every function and every association. In other words, cognitive functions do 422 

not change at the same rate over time and are not coordinated with each other. Since healthy 423 

participants also showed different trajectories, we consider this aspect as a typical 424 

characteristic unrelated to any pathological process.  425 

We found increasing autoregressive patterns over time in the HP group. This means 426 

that each test's predictive effect on the same test at the following time point grows from the 427 

first to the second year of evaluation. This change can be considered the typical evolution of 428 

cognitive functioning in older adults. Notably, the same trend emerged in the stable MCI 429 

group, which was composed of subjects with MCI who would not evolve into AD within the 430 
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time they were involved in the study. The stable MCI group and the HP group have the 431 

stability of their cognitive status in common, which will not worsen in the following years. 432 

Thus, we can conclude that stable cognitive status over time is characterized by an increase in 433 

autoregressive patterns, at least in the period we considered. It is worth noting that the stable 434 

MCI group showed higher autoregressive power and an even stronger increase, as if the mild 435 

cognitive impairment reduced the variability within cognitive functions over time. Crucially, 436 

this is not the case for the converter MCI group. These participants received an MCI 437 

diagnosis on the first visit, which was confirmed in the following two years (i.e., the time 438 

period we considered), but they will end up converting to AD in the next years (i.e., between 439 

3 and 12). In this group, we found an opposite autoregressive pattern, with decreasing 440 

prediction from the first to the second year. While we already knew that future converters’ 441 

memory functions revealed a higher worsening over time than the non-converter group, the 442 

CLPN model revealed that test performance in future converters became less correlated over 443 

time. This result also suggests that neuropsychological evaluations at a given time point are 444 

poorly informative on the future performance of a converter, because within-measure 445 

predictability is lower as compared to healthy elderly and non-converters. Moreover, in both 446 

MCI groups, the variability between autoregressive coefficients decreased over time, contrary 447 

to what we observed in healthy participants. This result suggests that, parallel to the 448 

development of the pathology, there is a reduction in the variability of the strength with which 449 

cognitive performance predicts itself. This perspective aligns with recent advancements in 450 

neuropsychological research that emphasize the importance of assessing cognitive 451 

fluctuations, also known as intra-individual variability, in cognitive performance.34–38 452 

Traditionally, neuropsychological assessments have treated cognition as a stable trait; 453 

however, growing evidence suggests that moment-to-moment variability plays a critical role 454 

in influencing real-world behavior.39 Standard testing protocols often overlook subtle but 455 
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meaningful changes in cognitive function because they fail to capture cognitive 456 

fluctuations.37,38 Intra-individual variability has emerged as a valuable marker of cognitive 457 

health, with the potential to differentiate between normal and pathological cognitive aging.36 458 

Methods such as Ecological Momentary Assessment (EMA) have demonstrated strong 459 

within- and between-person reliability, as well as construct validity, and have successfully 460 

distinguished individuals with mild cognitive impairment (MCI) from cognitively healthy 461 

individuals.35 Additionally, increased variability across repeated cognitive assessments has 462 

been linked to preclinical Alzheimer’s disease (AD) risk, beyond average performance 463 

declines alone.34 Collectively, these findings support the development of updated 464 

neuropsychological protocols that incorporate intra-individual variability as a core component 465 

of cognitive assessment.  466 

A third interesting point is related to the cross-lagged regressive patterns assessing the 467 

relationship between different cognitive functions over time. Again, we can consider the HP 468 

group as a reference for the typical cognitive evolution in older adults. Our results showed 469 

that cross-lagged patterns were, on average, similar between the first and the second year, 470 

suggesting that the overall organization between cognitive functions over time remains 471 

relatively stable in healthy people. In the MCI non-converter group, cross-lagged patterns 472 

were higher in the first year but came back to levels similar to the HP group in the second 473 

year, meaning that the neuropsychological evaluation during which the MCI diagnosis was 474 

made had greater predictive power over the following time point (i.e., baseline over the 12th 475 

month) than an evaluation done in a stable period, during which no diagnostic changes 476 

occurred (i.e., 12th month over the 24th month). The MCI converter group supported this 477 

hypothesis, showing consistently high cross-lagged patterns throughout the study period, like 478 

the MCI non-converter group in the first year. Here, the first year immediately follows the 479 

MCI diagnosis, but we know that cognitive functions are worsening, and this worsening will 480 
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bring to the AD diagnosis. These results suggest that stronger predictive patterns between 481 

tests are associated with worsening cognitive performance. The highest predictive patterns in 482 

clinical groups confirmed previous studies showing a higher density of connections in clinical 483 

groups as compared with healthy subjects9,14. While the presence of defined communities of 484 

neuropsychological tests suggests that each cognitive test specifically captures a cognitive 485 

function,9 a higher density of connections may reflect the massive recruitment of non-specific 486 

and general cognitive processes to solve a single task. Previous studies showed that cognitive 487 

impairment not only reduces the performance of cognitive functions but also alters the 488 

balance among them,8,9,13,14 suggesting a reorganization of the cognitive abilities of patients, 489 

which has also been confirmed by neuroimaging studies.40,41 To this picture, we can now add 490 

a substantial alteration of the longitudinal relationship between cognitive performances. 491 

Cognitive worsening seems to imply a low predictive power of autoregressive patterns but 492 

strong cross-lagged predictions. 493 

The relationship between cognitive performances has been studied in recent years, 494 

from a different perspective. A growing body of work focuses on the concept of cognitive 495 

dispersion, which reflects the variability in performance across multiple cognitive measures 496 

within a single time point.42,43 This literature proposes that increased intraindividual 497 

variability may reflect decreased neurological integrity44,45 and cortical disconnection 498 

syndrome in AD.46,47 It is important to note that cognitive dispersion focuses on the variability 499 

across cognitive measures within a single time point, whereas CLPN informs us about the 500 

correlation between cognitive measures across time. Cross-lagged predictions, as well as, 501 

correlations between contemporaneous tests, can be thought of as complementary information 502 

to cognitive dispersion since they focus on different aspects of cognition. Previous works 503 

found that cognitive impairment is associated with increased dispersion48 and a higher density 504 

of connections between cognitive performances. Here, we showed that stronger predictive 505 
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patterns between tests are associated with worsening cognitive performance. Taking together 506 

these results, we suggest that cognitive impairment is associated with a high variability (i.e., 507 

cognitive dispersion) and a high longitudinal relationship across neuropsychological 508 

performance. It is important to note that these results are not in contradiction, since means and 509 

correlations convey different information. From a neuropsychological perspective, we can 510 

interpret stronger longitudinal relations as an effect of cognitive impairment. The pathological 511 

process influences the evolution of cognitive performances, enhancing the longitudinal 512 

relationship between them. Similarly, it is possible that differences in network dynamics may 513 

reflect latent baseline differences, which in turn depend on the pathological process. Future 514 

studies will deepen the understanding of the causes of differences in network dynamics. The 515 

present work did not aim to anticipate conversion based on network dynamics. On the 516 

contrary, we wanted to shift the focus from baseline differences to the temporal dynamics of 517 

cognitive organization, looking at possible differences based on the conversion profile.  518 

It is important to note that the bootstrap results showed less stability for the MCI 519 

converter group. This may be due, in part, to the smaller sample size in this group, which 520 

would have made the prediction more unstable. However, another plausible explanation lies 521 

in the heterogeneous nature of MCI individuals who eventually progress to AD. Firstly, the 522 

timing of conversion varies across subjects, meaning they may be at different stages of the 523 

disease. Secondly, these individuals may follow diverse patterns of cognitive decline, which 524 

could contribute to the observed instability in longitudinal cognitive organization. 525 

The last information we can extract from the present study is that memory 526 

performances are well predicted from the precedent cognitive evaluation. Moreover, they 527 

emerged to be the best predictive choice in the MCI groups. The delayed recall of memory 528 

tests always showed the highest predictive power over time. Coherently, memory is 529 

considered the most reliable single-domain predictor of future cognitive status in Mild 530 
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Cognitive Impairment and preclinical Alzheimer’s disease, across diverse study designs, 531 

populations, and follow-up durations.49–51 Also, previous network studies revealed that AD 532 

patients’ network shows a unique feature of isolating memory function from the rest of the 533 

cognitive domains.8,9,14 This was not the case for the healthy participants, where, instead of 534 

memory, executive functions showed the highest predictive power. Although verbal memory 535 

has been reported as a reliable predictor of future cognitive decline in healthy older adults,52,53 536 

executive functions are increasingly recognized as important indicators of future cognitive 537 

and functional status in healthy elderly individuals.54,55 This result confirms previous findings 538 

about the centrality of executive functions, which are assumed to regulate other cognitive 539 

functions.56 Noteworthy, most of the studies assessing the predictive value of cognitive 540 

functions aim to predict cognitive impairment, functional decline, or conversion to MCI.52-55 541 

On the contrary, our study took into consideration healthy participants with a stable cognitive 542 

profile. To sum up, executive functions result as the best choice to predict the future global 543 

cognitive status of a healthy subject; however, in a dementia-like state, long-term memory 544 

tests overtake executive functions and can inform about future cognitive performances.  545 

This study tackles the challenging task of assessing the evolution of the relationships 546 

between cognitive performances in healthy individuals and people with cognitive 547 

impairments. While previous attempts did it at a cross-sectional level, we here exploited the 548 

power of longitudinal data in a network approach for the first time. Previous studies tracked 549 

the longitudinal performance on specific tests (i.e., MMSE and MOCA) and proposed 550 

statistical models for determining whether patients show abnormal performance on 551 

longitudinal measurements.57–59 The plus of using network analysis is the focus on the 552 

relationships between tests, thus adopting a comprehensive point of view.  553 

Despite the novelty and the potential of this approach, some limitations must be 554 

pointed out. The different sample sizes between groups, with the convMCI group having a 555 
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smaller sample size than the other groups can be an issue, especially for the stability 556 

estimation of the edges. Moreover, these individuals will convert to AD at different time 557 

points, and we could not account for the different times of conversion. Nonetheless, the 558 

sample remains relatively large and representative. We were indeed able to compare three 559 

relatively large groups of people with stable cognitive evaluations across three years. We 560 

were even in the position to distinguish between MCI patients who will do or do not convert 561 

to AD, offering a privileged point of view over the prediction of a future cognitive worsening.  562 

This sophisticated statistical approach applied to relatively large sample sizes, was 563 

impactful unveiling new insights into the complexity of cognitive functioning and its 564 

longitudinal reorganization in people with cognitive impairments. The present paper adds some 565 

important pieces of knowledge to the literature: (i) a stable cognitive status over time is 566 

characterized by an increase in autoregressive patterns, while cognitive functions in future 567 

converters became less correlated over time; (ii) higher predictive longitudinal patterns between 568 

cognitive functions accompany cognitive performance worsening in people with MCI, (iii) 569 

while executive functions are the best predictors of healthy subjects' future global cognitive 570 

status, in a dementia-like state, long-term memory tests overtake executive functions and can 571 

inform about future cognitive performances.  572 
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Figure 1. HP network and prediction. The upper panel shows the longitudinal networks: the left network shows the 792 
longitudinal prediction from the baseline assessment to the 12 months’ assessment (i.e., T1); the right network shows the 793 
longitudinal prediction from the 12 months’ assessment to the 24 months’ assessment  (i.e., T2). Red edges indicate negative 794 
relations; green edges show positive ones. The edges’ size and colour saturation represent the relationships’ intensity. 795 
Autoregressive patterns are shown as edges starting from a node and ending at the same node. For example, the MMSE has 796 
positive autoregressive patterns in both years, meaning that higher MMSE scores at the baseline are associated with higher 797 
MMSE scores at 12 months, and higher MMSE scores at 12 months are associated with higher MMSE scores at 24 months. 798 
Cross-lagged patterns are depicted as edges starting from a node and ending at another node. For example, the TMTb negatively 799 
predicts the MMSE in both years, meaning that higher TMTb scores at the baseline are associated with lower MMSE scores at 800 
12 months, and higher TMTb scores at 12 months are associated with lower MMSE scores at 24 months. The nodes’ colours 801 
represent the cognitive domains (nodes with the same colour belong to the same cognitive domains). The lower panel shows 802 
the cross-lagged in- and out-prediction (i.e., the extent to which each variable is predicted by or predicts other variables, 803 
excluding auto-regressive patterns) and their reliability. Green lines represent the fitted prediction, red lines represent 804 
bootstrapped predictions: the more these predictions are similar, the more the results are robust. Grey areas represent bootstrap 805 
CIs: the narrower the CIs, the more replicable the results. T1 = prediction from baseline (bl) to 12 months (m012); T2 = 806 
prediction from 12 months (m012) to 24 months (m024); BNT=Boston Naming Test; CDTc=Clock Drawing Test (copy); 807 
CDTd=Clock Drawing Test (draw); LMemI=Logical Memory Test – immediate recall; LMemD=Logical Memory Test – 808 
delayed recall; MMSE=Mini Mental State Examination; RAVLr=Rey Auditory Verbal Learning Test - recognition; 809 
RAVLd=Rey Auditory Verbal Learning Test - delayed recall; SemF=Semantic Fluency test (animal); TMTa=Trial making 810 
Test – a; TMTb=Trial making Test – b.  811 
 812 
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Figure 2. MCI non-converter network and prediction. The upper panel shows the longitudinal networks: the left network shows 814 
the longitudinal prediction from the baseline assessment to the 12 months’ assessment (i.e., T1); the right network shows the 815 
longitudinal prediction from the 12 months’ assessment to the 24 months’ assessment  (i.e., T2). Red edges indicate negative 816 
relations; green edges show positive ones. The edges' size and colour saturation represent the relationships' intensity. 817 
Autoregressive patterns are shown as edges starting from a node and ending at the same node. For example, the MMSE has 818 
positive autoregressive patterns in both years, meaning that higher MMSE scores at the baseline are associated with higher 819 
MMSE scores at 12 months, and higher MMSE scores at 12 months are associated with higher MMSE scores at 24 months. 820 
Cross-lagged patterns are depicted as edges starting from a node and ending at another node. For example, the RAVLd 821 
positively predicts the LMemI in the first year, meaning that higher RAVLd scores at the baseline are associated with higher 822 
LMemI scores at 12 months. The nodes’ colours represent the cognitive domains (nodes with the same colour belong to the 823 
same cognitive domains). The lower panel shows the cross-lagged in- and out-prediction (i.e., the extent to which each variable 824 
is predicted by or predicts other variables, excluding auto-regressive patterns) and their reliability. Green lines represent the 825 
fitted prediction, red lines represent bootstrapped predictions: the more these predictions are similar, the more the results are 826 
robust. Grey areas represent bootstrap CIs: the narrower the CIs, the more replicable the results. T1 = prediction from baseline 827 
(bl) to 12 months (m012); T2 = prediction from 12 months (m012) to 24 months (m024); BNT=Boston Naming Test; 828 
CDTc=Clock Drawing Test (copy); CDTd=Clock Drawing Test (draw); LMemI=Logical Memory Test – immediate recall; 829 
LMemD=Logical Memory Test – delayed recall; MMSE=Mini Mental State Examination; RAVLr=Rey Auditory Verbal 830 
Learning Test - recognition; RAVLd=Rey Auditory Verbal Learning Test - delayed recall; SemF=Semantic Fluency test 831 
(animal); TMTa=Trial making Test – a; TMTb=Trial making Test – b. 832 
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Figure 3. MCI converter network and prediction. The upper panel shows the longitudinal networks: the left network shows 835 
the longitudinal prediction from the baseline assessment to the 12 months’ assessment (i.e., T1); the right network shows the 836 
longitudinal prediction from the 12 months’ assessment to the 24 months’ assessment  (i.e., T2). Red edges indicate negative 837 
relations; green edges show positive ones. The edges' size and colour saturation represent the relationships' intensity. 838 
Autoregressive patterns are shown as edges starting from a node and ending at the same node. For example, the MMSE has 839 
positive autoregressive patterns in both years, meaning that higher MMSE scores at the baseline are associated with higher 840 
MMSE scores at 12 months, and higher MMSE scores at 12 months are associated with higher MMSE scores at 24 months. 841 
Cross-lagged patterns are depicted as edges starting from a node and ending at another node. For example, the TMTb negatively 842 
predicts the MMSE in the first year, meaning that higher TMTb scores at the baseline are associated with lower MMSE scores 843 
at 12 months. The nodes’ colours represent the cognitive domains (nodes with the same colour belong to the same cognitive 844 
domains). The lower panel shows the cross-lagged in- and out-prediction (i.e., the extent to which each variable is predicted 845 
by or predicts other variables, excluding auto-regressive patterns) and their reliability. Green lines represent the fitted 846 
prediction, red lines represent bootstrapped predictions: the more these predictions are similar, the more the results are robust. 847 
Grey areas represent bootstrap CIs: the narrower the CIs, the more replicable the results. T1 = prediction from baseline (bl) to 848 
12 months (m012); T2 = prediction from 12 months (m012) to 24 months (m024); BNT=Boston Naming Test; CDTc=Clock 849 
Drawing Test (copy); CDTd=Clock Drawing Test (draw); LMemI=Logical Memory Test – immediate recall; LMemD=Logical 850 
Memory Test – delayed recall; MMSE=Mini Mental State Examination; RAVLr=Rey Auditory Verbal Learning Test - 851 
recognition; RAVLd=Rey Auditory Verbal Learning Test - delayed recall; SemF=Semantic Fluency test (animal); TMTa=Trial 852 
making Test – a; TMTb=Trial making Test – b. 853 
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