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Abstract 26 

Recent reports indicate that rhythmic and discrete upper limb movements are two different motor primitives 27 

which recruit, at least partially, distinct neural circuitries. In particular, rhythmic movements recruit a smaller 28 

cortical network than discrete movements. The goal of this paper is to compare the levels of disability in 29 

performing rhythmic and discrete movements after a stroke. More precisely, we tested the hypothesis that 30 

rhythmic movements should be less affected than discrete ones, because they recruit neural circuitries that are 31 

less likely to be damaged by the stroke.   32 

Eleven stroke patients and eleven age-matched control subjects performed discrete and rhythmic movements 33 

using an end-effector robot (REAplan). The rhythmic movement condition was performed with and without 34 

visual targets to further decrease cortical recruitment. 35 

Movement kinematics was analyzed through specific metrics, capturing the degree of smoothness and 36 

harmonicity.  37 

We reported three main observations: (i) the movement smoothness of the paretic arm was more severely 38 

degraded for discrete movements than rhythmic movements; (ii) most of the patients performed rhythmic 39 

movements with a lower harmonicity than controls; and (iii) visually guided rhythmic movements were more 40 

altered than non-visually guided rhythmic movements. These results suggest a hierarchy in the levels of 41 

impairment: discrete movements are more affected than rhythmic ones, which are more affected if they are 42 

visually guided. 43 

These results are a new illustration that discrete and rhythmic movements are two fundamental primitives in 44 

upper-limb movements. Moreover, this hierarchy of impairment opens new post-stroke rehabilitation 45 

perspectives.   46 

 47 

   48 

Keywords 49 

Stroke, rhythmic movements, discrete movements, upper-limb, rehabilitation  50 

 51 

Glossary 52 

D-T: discrete task with small targets 53 

FMA-UE : Fugl-Meyer assessment of the upper extremity  54 

H : harmonicity index 55 
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ID : index of difficulty 56 

PEAK: number of peaks in the velocity profile 57 

LDJ : logarithmic dimensionless jerk 58 

R-T : rhythmic task with large targets 59 

R-NT: rhythmic task without targets 60 

 61 

Introduction 62 

Daily life motions of the upper limb are composed of complex combinations of rhythmic and discrete 63 

movements, e.g., wiping a table or playing the piano (Sternad and Dean 2003). Discrete movements are defined 64 

as movements between a succession of postures with zero velocity and acceleration, while rhythmic movements 65 

are periodic and display an acceleration peak at the zero-velocity movement reversal (Hogan and Sternad 2007; 66 

Goto et al. 2014). The literature reached a consensus stating that rhythmic and discrete movements form two 67 

different motor primitives (Guiard 1993; Schaal et al. 2000, 2004; Sternad et al. 2000; de Rugy and Sternad 68 

2003; Spencer et al. 2003; van Mourik and Beek 2004; Buchanan et al. 2006; Smits-Engelsman et al. 2006; 69 

Hogan and Sternad 2007, 2012, 2013; Ikegami et al. 2010; Levy-Tzedek et al. 2010; Howard et al. 2011; Giszter 70 

2015). In summary, discrete movements are not made of truncated rhythmic movements, and rhythmic 71 

movements do not consist of concatenated discrete movements.  72 

Schaal et al. (2004) investigated the brain areas involved in producing simple discrete and rhythmic movements 73 

of the wrist via fMRI. They observed that discrete movements activated a variety of contralateral areas, such as 74 

BA7, BA40, BA44, BA47, PMdr, and RCZa, known to be involved in high-level computational processes, e.g., 75 

planning. Rhythmic movements, on the other hand, activated only a small number of unilateral sensorimotor 76 

areas (M1, S1, PMdc, SMA, pre-SMA, CCZ, RCZp, and cerebellum), most of which being also recruited in 77 

producing discrete movements.   78 

After a stroke, both discrete and rhythmic movements are potentially affected (Gowland et al. 1992; Krebs et al. 79 

1999; Rohrer et al. 2002; Dipietro et al. 2009; Hogan and Sternad 2009; Gilliaux et al. 2012, 2014a; Zehr et al. 80 

2012; Simkins et al. 2013). However, to the best of our knowledge, no study has compared the levels of 81 

impairment between both movements in the same patients.  82 
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Consequently, in this paper, we tested the hypothesis that stroke would affect rhythmic task motor performance 83 

less than discrete task motor performance. Indeed, the stroke insult significantly impacts cortical areas, and the 84 

cortical network recruited in producing discrete movements is larger than for rhythmic movements. In addition, 85 

we tested the existence of a hierarchy in the levels of impairments after a stroke: patients with impaired rhythmic 86 

movements should have impaired discrete movements, but not vice versa. Indeed, if the cortical network 87 

activated in producing discrete movements is larger than the one for rhythmic movements (Schaal et al. 2004), 88 

some patients could be affected only in the production of discrete movements, if  the circuitries governing 89 

rhythmic movements are left intact. The reverse picture is more unlikely, since impairment in producing 90 

rhythmic movements would reveal a disorder in the recruitment of unilateral sensorimotor areas being active 91 

during the production of both movement types. The main goal of the present paper is thus to compare the levels 92 

of impairment between discrete and rhythmic movements in the same post-stroke patients. To this end, stroke 93 

patients and healthy subjects were asked to perform simple back-and-forth movements with their upper limbs 94 

between two visual targets, once in a discrete way and once in a rhythmic way. 95 

Finally, a third movement type was added, i.e., a non-visually guided rhythmic task where participants were 96 

asked to make rhythmic movements without receiving visual targets. Our objective was to test whether this task 97 

would be differently affected than the one with visual targets. Indeed, the presence of visual targets requires 98 

more planning and leads to possible movement corrections by the visuomotor pathways  (Desmurget et al. 1999, 99 

2001; Hanakawa et al. 2008; Andersen and Cui 2009; Glover et al. 2012), hence reinforcing the dependence on 100 

cortical networks. Therefore, removing the visual targets should facilitate the task and further isolate possible 101 

subcortical and/or spinal contributions.  102 

In sum, the present paper aims to establish whether there exists a hierarchy of impairment in different motor 103 

tasks after a stroke by comparing the levels of impairment of (1) non-visually guided rhythmic movements, (2) 104 

visually guided rhythmic movements, and (3) visually guided discrete movements between stroke patients and 105 

healthy controls. 106 

 107 

Materials and Methods 108 

 109 

Participants 110 
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Eleven stroke patients and eleven age-matched control subjects were included in this study. Stroke patients were 111 

ineligible for this study if they suffered from: (i) any other disorder affecting the upper limb; (ii) severe visual 112 

impairments or severe neuropsychological impairments like aphasia, attention deficit disorder, or neglect; (iii) a 113 

cerebellar stroke; or (iv) an active elbow range of motion smaller than 20°. To assess the sensorimotor function 114 

of the upper limb, stroke patients were evaluated with the Fugl-Meyer Assessment of the upper extremity (FMA-115 

UE) (Fugl-Meyer et al. 1974); this scale quantifies the level of impairment, with an index ranging from 0 to 66 116 

points. Patients were further evaluated with three other clinical metrics: the clinical assessment of the elbow 117 

muscular force following the British Medical Research Council System (the best note is 5 – normal muscle force 118 

capacity – and the worst is 0 – no muscular contraction), the Modified Ashworth Scale capturing elbow muscle 119 

spasticity (the best note is 0 – no increase in tone – and the worst is 4 – rigidity in flexion or extension), and the 120 

Box and block test. The result of these clinical assessments and other relevant characteristics of the patients and 121 

control participants are reported in Table 1. This table illustrates the diversity of a typical post-stroke population. 122 

Note for instance that Patient 6 obtained the best score in the available clinical metrics, while it was evident that 123 

his distal motor skills were affected, e.g. regarding fine hand dexterity. 124 

   125 

Before beginning the experiment, all participants gave their written informed consent to participate to the study, 126 

which was approved by the scientific and ethical committees of the Université catholique de Louvain. 127 

Measurement device 128 

The experiments were performed by using the REAplan, an upper-limb end-effector research prototype robot 129 

developed within our university.  The REAplan was initially designed to quantify the upper limb impairments of 130 

disabled patients (Gilliaux et al. 2012, 2014a) and to provide robot-assisted therapies to the same populations 131 

(Gilliaux et al. 2014b). 132 

 133 

The robot is composed of (i) a height-adjustable, horizontal table, (ii) a handle equipped with force sensors that 134 

are held by the participant, (iii) two motors actuating the handle along the orthogonal directions in the horizontal 135 

plane, (iv) a flat screen and loudspeakers in front of the participant, which can provide visual feedback of the 136 

position of the handle and any other visual or auditory information, and (v) an interface for the therapist.  Most 137 

of these components can be seen in Fig. 1(top). 138 

During the tasks, data were recorded at 125Hz for off-line analyses.  139 

 140 
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Experimental procedure 141 

Participants were seated on a chair or their own wheelchair in front of the device.  The height of the REAplan 142 

was adjusted such that the elbow formed a right angle and the arm was in a neutral position along the trunk when 143 

the participant held the handle in its initial position.  Seven patients were strapped to the handle when performing 144 

the task with their paretic arm because their hand was too weak to hold it.  For seven patients, their trunks were 145 

strapped to the chair because they made compensatory movements during the training phase. 146 

 147 

All participants performed three tasks with each of their arms. All tasks consisted of performing back-and-forth 148 

movements restricted to a straight trajectory in the forward-backward direction of motion (sagittal plane).  149 

Lateral movements were thus prohibited by implementing stiff virtual walls with the device, while the direction 150 

of motion was controlled under a "free-mode" (or transparent) admittance controller.  151 

 152 

Each task consisted of the achievement of three trials of fifteen back-and-forth movements at self-selected speed, 153 

i.e., forty-five back-and-forth movements per task per arm.  Two patients out of eleven (patients 2 and 10) were 154 

too weak to fulfill three trials with their paretic arm and thus only performed two trials. Participants received 155 

visual feedback that mapped the position of the handle on the screen during all tasks.  156 

 157 

The first two tasks consisted of making back-and-forth movements between two green rectangular targets (Fig. 158 

1, a and b), with the instruction to make the movement reversal (i.e., to reach zero velocity) inside the target.  159 

Once the handle reached the target, it turned red and a beep was delivered; this gave visual and auditory 160 

feedback for reversing the movement direction. 161 

The only differences between the first two tasks were the width and distance between the targets, determined 162 

according to the so-called "index of difficulty" (ID) (Guiard 1993; Buchanan et al. 2006), based on Fitts’ law 163 

(Fitts 1954): 164 

= �ܫ  log2 2��  , 165 

where � denotes the movement amplitude and � is the target’s width (Fig.1a). This index thus captures that it is 166 

more difficult to make longer movements and aim at smaller targets. Researchers (Guiard 1993; Buchanan et al. 167 

2006) showed that healthy participants perform kinematically discrete movements with zero acceleration at the 168 

movement reversal when the ID is large. When the ID is smaller, the same authors further showed that healthy 169 
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participants perform kinematically rhythmic movements, with maximal acceleration (in absolute value) at the 170 

movement reversal.  171 

In the present study, the movement amplitude A was set to 12.5 cm and the target width W was set to 0.7 cm for 172 

the first task (ID = 5.16; pilot tests showed this ID was large enough to induce discrete movements with the 173 

present task). For the second task, A was set to 10.5 cm and W was set to 3.5 cm (ID = 2.58). The position 174 

cursor, provided as visual feedback, had a diameter of 0.5 cm. All patients had active ranges of motion larger 175 

than these amplitudes. 176 

During the third task, no rectangular target was visible on the screen, and the participants were instructed to 177 

make movements of similar amplitudes as during the other tasks.  They were instructed to imagine that they were 178 

sawing wood to induce kinematically rhythmic movements; no auditory feedback was delivered during this last 179 

task.  The three tasks were thus "discrete with targets" (D-T), "rhythmic with targets" (R-T), and "rhythmic with 180 

no target" (R-NT); see Fig. 1. 181 

 182 

Before starting each block of trials, participants were trained for each task for approximately one minute, until 183 

obtaining consistent movements. The first six subjects and patients performed the tasks in the following order: 184 

R-T, R-NT, and D-T, first with their right and then with their left arm for control subjects or first with their 185 

healthy arm and then with their paretic arm for patients.  The remaining five subjects and patients performed the 186 

tasks in the reverse order: D-T, R-NT, and R-T, with their left or paretic arm first. 187 

 188 

Data processing and kinematic indices 189 

The raw position trajectories of the handle were filtered using a forward and backward second-order Butterworth 190 

filter with a cut-off frequency of 6 Hz. Thereafter, the velocity, acceleration, and jerk (third derivative) of the 191 

handle were obtained by successive numerical differentiation of the position profile. 192 

All trials were then cut into individual movements between the locations of the zero velocity points at the 193 

movement reversal.  Each movement thus corresponded to an individual discrete movement or to a half-cycle of 194 

a rhythmic movement.  195 

General performances of the tasks, i.e., mean velocity (�௠��௡), movement amplitude (�ሻ, and precision at the 196 

movement reversals, were computed.  The precision at the movement reversal was computed as 1 standard 197 

deviation of the distribution of the absolute error between the handle position at movement reversal and the 198 
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location of the target center. This metric thus captures the distribution of reversal points around their average and 199 

was computed only for the D-T and R-T conditions, where visual targets were displayed. 200 

Next, dwell time in individual movements was computed to assess the kinematic difference between discrete and 201 

rhythmic movements. Dwell time was introduced in the literature as a specific landmark of discrete movements 202 

(Buchanan et al. 2006; Hogan and Sternad 2007; Sternad et al. 2013);  it corresponds to the duration around 203 

movement reversal between the first time the velocity gets below 5% of the velocity peak of the preceding 204 

movement and the first time it gets above 5% of the velocity peak of the following movement (Fig. 2). Note that, 205 

with this definition, an ideal sinusoidal movement displays a dwell time of about 3.2% of the cycle duration. 206 

Finally, the following movement kinematic indices were computed for each individual movement to assess their 207 

harmonic nature and smoothness. 208 

 209 

1. Harmonicity index H (Guiard 1993; Buchanan et al. 2006): This metric captures the movement nature, i.e., 210 

whether it is a rhythmic movement (maximal acceleration at the movement reversal) or a discrete movement 211 

(zero acceleration at the movement reversal). It is computed by selecting a time window around the movement 212 

reversal, i.e., the second half of the preceding movement (before movement reversal) and the first half of the 213 

following movement (after movement reversal). In this time window, the acceleration is extracted and multiplied 214 

by the sign of its mean value to force the mean to be positive. Therefore, the maximum acceleration �௠�� (Fig. 215 

2) is also positive.  If a single peak occurs in this acceleration profile, ܪ is set to 1.  If several acceleration peaks 216 

occur, H is set to  217 

ܪ = max (�௠�௡�௠�� , 0), 218 

where �௠�௡ is the smallest acceleration value in the window between the first and the last acceleration peak (Fig. 219 

2). If �௠�௡ is negative, then ܪ is equal to 0. Since an ideal rhythmic movement is sinusoidal, its acceleration 220 

peak occurs at the movement reversal and H is thus equal to 1. An ideal discrete movement has a minimum jerk 221 

profile and thus acceleration is equal to zero at movement reversal; the corresponding H is equal to 0. Any post-222 

stroke effect affecting the smoothness of discrete movements will thus be hardly visible with this index, which 223 

saturates to 0 for both smooth and non-smooth discrete movements. Consequently, the H index is reported for all 224 

tasks, but the statistical analysis mainly focuses on both rhythmic ones.  225 

 226 
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2. PEAK: this smoothness metric gives the number of peaks in the movement velocity profile.  It was already 227 

used by several authors to analyze discrete movements after a stroke (Cirstea and Levin 2000; Kamper et al. 228 

2002; Rohrer et al. 2002). 229 

This metric is valuable because it is not sensitive to the movement type; indeed, the number of velocity peaks of 230 

both rhythmic and discrete movements is ideally equal to 1 for healthy subjects, disregarding corrective sub-231 

movements which may happen close to movement reversal (Fig. 2). Consequently, this metric was further 232 

independently computed in the zone of movement reversal and in the central phase of the movement. This 233 

measure provides an understanding of whether the differences observed between the different movement types 234 

and populations (patients vs. control) were due to changes in the final corrective sub-movements or in the central 235 

transport phase of the movement. These two zones were separated based on movement amplitude rather than on 236 

movement timing: the initial 25% and final 25% of the total movement amplitude were considered as the regions 237 

of movement reversal. Therefore, the central phase was taken as the centered 50% of the total movement 238 

amplitude (see Fig. 3 for examples of typical trials).  239 

 240 

3. Logarithmic dimensionless jerk (LDJ): This jerk-based smoothness metric was validated for discrete 241 

movements performed by healthy and stroke patients (Balasubramanian et al. 2012). The main feature of this 242 

particular jerk-based smoothness metric is that it is not sensitive to the movement amplitude and duration and 243 

does not have a ceiling effect, like the dimensionless jerk (Hogan and Sternad 2009):   244 

ܬ�� = log ቆ �ଷ�௠��௡2  ∫ |�ሺ�ሻ|2��ቇ, 245 

with D being the movement duration and j(t) the movement jerk (Fig. 2). The smoother the movement is, the 246 

lower the LDJ value.  247 

This metric is, nevertheless, sensitive to the movement type. An ideal rhythmic movement corresponds to a 248 

portion of the sinus (Hogan and Sternad 2007), so that the corresponding LDJ should be equal to 4.1. An ideal 249 

minimum-jerk discrete movement should have a bell-shaped velocity profile (Hogan and Sternad 2007) with a 250 

LDJ equal to 6.  251 

We explored normalizing the LDJ metric according to these expected values (4.1 or 6) to make the metric 252 

insensitive to the movement type. We decided to not do this because we observed that this reduces the 253 

information that can be retrieved from the LDJ metric. Indeed, reporting a LDJ metric between 4.1 and 6 in a 254 

rhythmic task can capture (i) a movement performed with a non-ideal smoothness (i.e., a rhythmic movement 255 

with more than one velocity peak) or (ii) a smooth movement performed with a lower harmonicity, i.e., more 256 
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like a healthy discrete movement. Therefore, the three metrics provide complementary information and must be 257 

analyzed in parallel. In particular, the PEAK metric will increase in the case of non-ideal smoothness of 258 

movement (particularly during the central movement phase), but not in movements with lower harmonicity. 259 

 260 

Importantly, note that both of the smoothness indices we selected (PEAK and LDJ) were developed to measure 261 

smoothness without being sensitive to movement speed or amplitude.  262 

 263 

All the above computations were performed using Matlab 7.10.0 R2010a (The MathWorks Inc, Natick, MA). 264 

 265 

Data Analysis and Statistics 266 

For all trials, the first five movements were excluded from analysis to avoid transient phenomena. In addition, 267 

this further excluded the first rhythmic cycles, which might be governed by the discrete primitive (van Mourik 268 

and Beek 2004; Howard et al. 2011). 269 

Statistics were performed with JMP 10.0.0 software (SAS Institute Inc.).   270 

We first analyzed the learning effect between the three trials for both groups and the lateralization effect between 271 

the dominant and non-dominant arms of the control group. Therefore, a mixed model that included the factors 272 

“group (patient and control)”, “arm (dominant/non-paretic and non-dominant/paretic)”,  “task (D-T, R-T and R-273 

NT)” ,“trial” , the two-factors interactions and the “participant number” as random effect to take into account the 274 

repeated structure of the dataset, was analyzed. The equation of this model is provided as supplementary 275 

material. It contained 11 variables: the 4 factors, the corresponding 6 two-factors interactions, and the bias. This 276 

model was solved using a “Restricted Maximum Likelihood” method to estimate the variance parameters.   No 277 

learning effect was observed, either in the control or in the patient group, in the sense that no significant effect 278 

was found with the factor “trial” or its interactions in all metrics (all p-values > 0.05).  Similarly, no laterality 279 

effect was found in the control group, i.e., the interaction “arm – group” was significant in all metrics and the 280 

post-hoc Tukey HSD tests did not show a significant difference between the dominant and non-dominant arms in 281 

the control group (all p-values > 0.05).   282 

Consequently, for the subsequent analyses, the data were simplified by pooling the three trials together, and the 283 

dominant and non-dominant arms together in the control group. Therefore, for each task, a single mean value 284 

was kept for every metric for the paretic and non-paretic arms in the patient group and only one value per metric 285 

and per task in the control group. 286 
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 287 

We did not perform a 3 (arm) x 3 (task) analyses on this dataset, as it would have mixed intra- and inter-subject 288 

data in the “arm” factor (including the paretic and non-paretic arms of the stroke group, and a single arm from 289 

the control group). Therefore, three independent mixed models were performed on the simplified dataset for all 290 

the above-mentioned metrics over (i) the paretic side vs. control data, (ii) the non-paretic side vs. control data, 291 

and (iii) the paretic side vs. non-paretic side. Each model contained the following effects: the task (D-T, R-T, R-292 

NT), the arm (two among paretic, non-paretic, and control), their interaction, and the participant number that was 293 

used as a random effect.  Note that the degrees of freedom were different in models (i) and (ii) vs. model (iii) 294 

since the later was an intra-subject analysis while the formers were inter-subject analyses. The models were 295 

solved using a “Restricted Maximum Likelihood” method to estimate the variance parameters. Post-hoc Tukey 296 

HSD test was used to compare the modalities of significant factors.   297 

In order to account for the potential increase in type I error due to the multiplicity of tests, the significance level 298 

was adjusted with a Bonferroni correction to p=0.017 (Dagnelie 2013).  299 

 300 

Classification of the smoothness impairment of patients 301 

To further classify the patients, the movement smoothness performed by the paretic arm of each patient was 302 

compared to the healthy control group. The PEAK and LDJ metrics were selected for this analysis.  For both 303 

metrics, a patient was considered affected for a particular task if the corresponding metric value was above the 304 

mean value of the control group plus x standard deviation(s) of the control group value for the same metric. To 305 

test sensitivity effects with respect to the threshold being used, x was varied from 0.5 to 2. As such, patients 306 

could be classified into several groups according to two different metrics, i.e., patients affected in the R-T task, 307 

patients affected in the R-NT task, and patients affected in the D-T task.  This analysis was performed first in the 308 

PEAK metric computed over the total movement duration, and then in the same metric restricted to the central 309 

movement phase. This permitted us to exclude possible sub-movements in the target reaching phase and focus on 310 

possible impairments restricted to the central transportation phase, which should be similar across movement 311 

types. 312 

 313 

Results 314 

1. Typical traces and general performances  315 
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Figure 3 shows typical traces of a healthy control subject and of four representative stroke patients using their 316 

paretic arm, during a rhythmic task (R-T, upper row) and a discrete task (D-T, lower row).  The healthy subject 317 

(first column on the left in Fig. 3) displayed the expected acceleration peak at the movement reversal of rhythmic 318 

movements and zero acceleration at the movement reversal during the discrete task. Patients 2, 3 and 7 were 319 

similarly affected, regarding both rhythmic and discrete movements. However, observing the velocity profiles 320 

reveals a fundamental difference in the way the hemiparesis affected both movements: all patients displayed 321 

more than one velocity peak per discrete movement, while – in most of the cases – they managed to keep a 322 

single peak for the rhythmic movements. Patient 3 displayed extra velocity peaks in some rhythmic movements, 323 

though to a lesser extent than during the discrete task. Patient 9 displayed a similar affectation as the other three 324 

regarding discrete movements, while he performed rhythmic movements resembling those of the healthy subject. 325 

 326 

Figure 4 (four upper panels) shows the general performances during the three tasks at the population level.  In 327 

both healthy subjects and patients, discrete movements were performed with a lower velocity than rhythmic 328 

movements (task effect paretic vs. control: F(2,40)=65.5; paretic vs non-paretic: F(2,50) =66.7; and control vs non-329 

paretic: F(2,40)=120.5 where all p’s < 0.0001, and Tukey HSD, R-NT > R-T > D-T with all p’s < 0.0001); this is 330 

consistent with Fitt’s law (Guiard 1993; Buchanan et al. 2006; Sternad et al. 2013).  331 

The mean amplitudes were 12.7 (SD 0.6) cm in the D-T task, 10.4 cm (SD 1.1) in the R-T task, and 13.4 cm (SD 332 

2.9) during the R-NT task, with no significant difference between the groups (paretic vs non-paretic: F(1,50)=0.85, 333 

p= 0.35 ; paretic vs control: F(1,20) = 0.49, p = 0.49; and control vs non-paretic: F(1,20)= 2.9, p = 0.1). 334 

As expected, dwell times were significantly higher during the discrete task than during both rhythmic tasks 335 

(exercise effect in control vs. non-paretic arms (F(2,40)=58.1, in paretic vs. control F(2,40)=13.8, and paretic vs. 336 

non-paretic F(2,50)=6 with all p’s < 0.0001 and Tukey HSD R-T vs D-T: p < 0.0001 and Tukey HSD R-NT vs D-337 

T: p < 0.0001), which confirms that the tasks were executed as expected, i.e., with longer dwell times during the 338 

discrete task. Moreover, the reported dwell time in both rhythmic tasks was around 40ms, i.e. about 3% of the 339 

total movement duration, corresponding thus to an ideal sinusoidal movement (see methods). 340 

The D-T task was performed with significantly longer dwell times by the patients with their paretic arm, as 341 

compared to their non-paretic arm or to the healthy group (all p’s < 0.0001). This was not observed in the R-T 342 

and R-NT tasks.  343 

Furthermore, the D-T task was performed with lower precision by the patients with their paretic arm, as 344 

compared to their non-paretic arm or to the healthy group (all p’s < 0.0001). This was again not observed in the 345 
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R-T task, while this metric was not computed for the R-NT task due to the absence of visual targets (see 346 

methods). Note finally that the level of precision was better for the discrete than the rhythmic task in both the 347 

control group and the non-paretic arm of patients. The decrease of precision in the D-T task reported for the 348 

patients’ paretic arm brought it to the level of performance of the control group in the R-T task, i.e. about 0.7cm. 349 

 350 

2. Stroke spares the smoothness of rhythmic movements 351 

The observation reported above for a single patient – that rhythmic and discrete movements are differentially 352 

affected – is confirmed at the population level for both smoothness metrics (Fig. 4, bottom). First of all, for both 353 

measures of smoothness (LDJ and PEAK), movement smoothness was lower for the paretic arm of patients 354 

compared to their non-paretic arm and to the arms of age-matched healthy controls. This difference was stronger 355 

for discrete movements than for rhythmic movements (interaction between group and tasks, see Table 2). In all 356 

cases, this interaction indicated that the effect of group was higher in the discrete task than in any of the two 357 

rhythmic tasks (Table 2).  In contrast, movement smoothness of the non-paretic arm appeared to be preserved in 358 

stroke patients in all tasks (interaction between group and tasks: PEAK: F(2,40) = 0.28, p = 0.76; and LDJ: F(2,40) = 359 

0.69, p = 0.51). 360 

 361 

We further investigated whether the above-mentioned effects were due to movement changes during the central 362 

part of the movement – which is supposed to be very similar across conditions – or during the reversal phase, 363 

i.e., where rhythmic and discrete movements are intrinsically different due to the need for stopping in discrete 364 

movements. Consequently, the velocity peak metric was independently computed during the central and reversal 365 

phases of the movement (Fig. 4).  As expected, results show that, for the control group, the central phase of the 366 

movements was characterized by a single velocity peak. In contrast, the smoothness of the movements during the 367 

reversal phase differed as a function of the movement type: virtually no corrective sub-movement was performed 368 

during the rhythmic conditions, while about one corrective sub-movement was performed for every three 369 

discrete movements. Results further show that the movement smoothness of the patients’ paretic arm was altered 370 

in both phases of the movement: more than one velocity peak was often observed during the central movement 371 

phase, while some extra velocity peaks were often observed during the reversal phase. Again, the difference in 372 

movement smoothness, compared to the healthy and non-paretic arm groups, was larger in the discrete task 373 

(statistics are given in Table 2).  Finally, no difference was found between the non-paretic arm group and the 374 

control group, either in the central phase of the movement (factor arm non-paretic vs. control group: PEAK: 375 
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F(1,20) = 2.7, p =0.12) or in the movement reversal phase (factor arm non-paretic vs. control group: PEAK: F(1,20) 376 

= 0.03, p =0.87). In sum, during discrete movements, the smoothness during both the central and reversal phases 377 

of the movements was affected by stroke.  378 

 379 

3. Stroke affects the harmonicity of rhythmic movements  380 

The harmonicity metric measures the movement continuity at movement reversal. If the subject stops, this index 381 

is equal to zero while perfect (sinusoidal) reversal would be associated with an index of 1.  In agreement with the 382 

existing literature (Guiard 1993; Marder and Bucher 2001), our healthy control group showed an harmonicity 383 

index close to 1 in both rhythmic tasks and a harmonicity index close to zero in the discrete task (Fig. 5).  384 

 385 

The traces of patients 2, 3 and 7 in Fig. 3 shows that the rhythmic movements were not continuous (i.e. the 386 

harmonicity index during the rhythmic task was reduced); this observation can also be extended to the 387 

population level. In both rhythmic tasks, the paretic arm of the patients had a lower harmonicity index than in the 388 

control and non-paretic arm groups, although harmonicity index was higher in the R-NT task than in the R-T 389 

task. Both factors, task and group, had a significant effect (control vs. paretic: factor “task”: F(2,40)=100.1, 390 

p<0.0001, factor “group”: F(1,20)=9.6, p=0.0057 and no interaction: F(2,40)=3.7, p=0.034; paretic vs. non-paretic: 391 

factor “task” : F(2,50)=72, p<0.0001 with R-NT > R-T, p=0.02, R-T>D-T, p<0.0001; factor “group”: F(1,50)=14.4, 392 

p=0.0004 and no interaction: F(2,50)=1, p=0.37). Again, the non-paretic and healthy arms exhibited similar 393 

harmonicity index in both rhythmic tasks (factor “task”: F(2,40) = 142.3, p<0.0001; factor “group”: F(1,20) = 1.80, 394 

p=0.19, interaction: F(2,40) = 0.8, p=0.44). 395 

 396 

4. Absence of visual cueing induces better performances in rhythmic movements 397 

We already illustrated that a lack of visual targets led to a less-degraded harmonicity index (Fig. 5). Namely, the 398 

harmonicity index of the paretic arm was lower than the non-paretic and healthy arms in both rhythmic tasks, but 399 

the harmonicity index was higher in the R-NT task than in the R-T task.   Moreover, the LDJ metric revealed that 400 

the smoothness was not different between the paretic and non-paretic arm in the R-NT task (see LDJ row of 401 

Table 2), but well in the R-T task. 402 

This confirms that rhythmic movements of the paretic arm were less affected when no visual guidance was given 403 

to the patient. A similar observation can be reported when comparing the paretic vs. control group, although in 404 

this case the significance threshold was not reached in any of the rhythmic tasks. 405 
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 406 

5. Hierarchy in the motor impairments  407 

Our data suggest that a discrete task was more affected than a rhythmic task after stroke and also that a visually 408 

guided rhythmic movement was more impaired than a non-visually guided rhythmic one. In this section, we 409 

report a final analysis on the PEAK and LDJ metrics, which was conducted to classify the patients into groups in 410 

order to identify a possible hierarchy in the impairments. To establish this classification, a patient was 411 

considered “impaired” in a specific task and according to a given metric if it was larger than ‘x’ standard 412 

deviation(s) above the mean value from the control group (Fig. 6). The classification displayed in Figure 6 (a, c, 413 

and e) was built with x=1. 414 

This analysis highlights the existence of a hierarchy: a patient who was impaired in the R-NT task was also 415 

impaired in the R-T and D-T tasks, and a patient who was impaired in an R-T task was also impaired in the D-T 416 

task.  No patient was only affected in a rhythmic exercise and nobody was only affected in the R-T or R-NT 417 

tasks. Finally, some patients were affected in none of the tasks, according to our metrics. These are the patients 418 

being displayed out of the Venn diagram (two in Fig. 6a and c, and three in Fig. 6e).  419 

To analyze the sensitivity of this hierarchy to the SD threshold (parameter �), this threshold was varied from 0.5 420 

to 2 times the standard deviation (SD) of the control group (Fig. 6b, d, and f). This analysis revealed that the 421 

identification of the hierarchy was insensitive to the threshold being used. Finally, this analysis was refined by 422 

keeping only the number of peaks in the central phase of the movement (Fig. 6, e and f), which is ideally made 423 

of a single velocity peak and disregards all corrective sub-movements close to the reversal zones; similar results 424 

were obtained. In this case, eight patients were identified as affected in the D-T task, among which only one was 425 

affected in the R-NT task. 426 

 427 

Discussion  428 

The objective of the present study was to quantify the level of impairment in producing visually guided discrete, 429 

visually guided rhythmic, and non-visually guided rhythmic movements with the upper limbs after a stroke. We 430 

found that: (i) stroke preferentially affects the smoothness of discrete movements, not rhythmic movements; (ii) 431 

stroke affects the harmonicity of rhythmic movements; and (iii ) patients who were affected in producing 432 

rhythmic movements were all affected in producing discrete movements, but not the other way around, i.e., there 433 

was a hierarchy of impairment: a patient affected in a rhythmic task was always affected in the discrete task, and 434 
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a patient affected in a non-visually guided rhythmic movement was always affected in the visually guided 435 

rhythmic movement.  436 

Both rhythmic and discrete movements are affected by stroke, but not to the same extent 437 

Results showed that the movement smoothness of the patients’ paretic arm was altered for both rhythmic and 438 

discrete movement production. However, the difference in movement smoothness compared to the healthy and 439 

non-paretic arm was larger in the discrete task than in the rhythmic one. This was, for instance, quantified with 440 

the LDJ metric. This metric was reported to be insensitive to the movement amplitude or timing, but sensitive to 441 

the movement type: a perfect rhythmic movement should have a sinusoidal profile with a LDJ of 4.1, and a 442 

perfect discrete movement should display a bell-shaped velocity profile with a LDJ of 6. This is critical for the 443 

performance analysis during the rhythmic task. Indeed, as explained in the methods, a LDJ metric between 4.1 444 

and 6 during the production of rhythmic movements can be due either to a decreased smoothness or to a lower 445 

harmonicity (i.e., a movement with longer dwell-time, like a discrete one). This last case was observed for the 446 

paretic arm in both rhythmic conditions, where the amount of velocity peaks was not different across the groups 447 

in both the central and reversal portions of movements. Therefore, the reported increased LDJ value in the 448 

paretic arms during both rhythmic tasks (reaching significance only for the R-T task) can only be due to a lower 449 

harmonicity and not to a decreased smoothness. This result was confirmed by the analysis of the harmonicity 450 

index: rhythmic movements with the paretic arm were produced with a decreased harmonicity with respect to the 451 

control group. In sum, discrete movements were affected in the sense that the patients performed them in a less 452 

smooth way, i.e. with more velocity peaks, while rhythmic movements were affected in the sense that the 453 

patients performed them in a less harmonic way, i.e., resembling the discrete movements of the control group. 454 

 455 

Post-stroke behavior suggests that discrete and rhythmic movements form two different primitives 456 

We reported an impairment hierarchy, namely that the rhythmic task was not affected for some patients being 457 

affected in the discrete task, and that this impairment was visible in both the central transportation and reversal 458 

phases of the movement. This is in line with the theory postulating that rhythmic and discrete movements are, at 459 

least partially, controlled by distinct neural circuitries (Guiard 1993; Schaal et al. 2000, 2004; Sternad et al. 460 

2000; de Rugy and Sternad 2003; Spencer et al. 2003; van Mourik and Beek 2004; Haiss and Schwarz 2005; 461 

Buchanan et al. 2006; Smits-Engelsman et al. 2006; Hogan and Sternad 2007, 2012, 2013; Ikegami et al. 2010; 462 

Levy-Tzedek et al. 2010; Howard et al. 2011; Giszter 2015). A discrete movement is not a truncated rhythmic 463 
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movement, i.e., discrete movements are not based on the use of the rhythmic movement primitive. Moreover, if 464 

rhythmic movements were based on a concatenation of discrete movements, rhythmic movements should be 465 

affected in the central phase of the movement, similar to the discrete task. Indeed, if both movements shared the 466 

same neural representation, both movements should be equally affected (Nozaki et al. 2006). This suggests that 467 

discrete and rhythmic movements form two different primitives, despite the identified hierarchy in post-stroke 468 

performance. 469 

The degradation hierarchy in performing discrete and rhythmic movements is not unique to stroke patients. For 470 

instance, cerebellar patients are impaired in producing discrete movements but not rhythmic movements 471 

(Spencer et al. 2003). This demonstrates the prominent role of the cerebellum in representing the temporal goal 472 

of discrete movements (Spencer et al. 2003, 2005). The temporal properties of rhythmic movements are, 473 

however, supposed to be emergent. Once the rhythmic movement is initiated, the performance is probably 474 

controlled by other parameters governing other movement constraints, such as minimizing the jerk or spatial 475 

noise. 476 

Together, these results support the results showing that discrete and rhythmic movements recruit different 477 

cortical and cerebellar networks during their execution (Schaal et al. 2004). This reinforces the consensus 478 

claiming that rhythmic and discrete movements form two fundamental and distinct motor primitives. 479 

On top of that, planning is an important step in goal-oriented movements, both discrete and rhythmic. Planning 480 

precedes execution, and requires the assessment of the movement (energetic) cost in order to select an 481 

appropriate control policy (Shadmehr and Krakauer 2008). This process likely takes place – at least partly – in 482 

the basal ganglia, an area being severely degraded in Parkinson’s disease (Mazzoni et al. 2007). Patients 483 

suffering from Parkinson’s disease display impairments in intensive and inter-segment coordinative aspects of 484 

both discrete and rhythmic movements, leading respectively to e.g. lower velocity peaks and decreased accuracy 485 

(Levy-Tzedek et al. 2011). This shows that, despite they form different motor primitives, discrete and rhythmic 486 

movements might also recruit similar mechanisms, for instance associated to movement planning. 487 

 488 

Non-visually guided rhythmic movements are less affected than visually guided rhythmic movements 489 

The non-visually guided rhythmic movements were less affected than the visually guided ones, so that the non-490 

visually guided condition was the least affected among the three conditions tested.  Although the number of 491 

velocity peaks was not significantly different between the paretic arms of the patients and the arms of control 492 

subjects in both rhythmic conditions, we observed a higher harmonicity of the paretic arm during the R-NT task 493 
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than during the R-T task. Moreover, all patients but one (patient 7) who were affected in the R-T and/or D-T 494 

tasks performed the R-NT task like the healthy control group, at least regarding the PEAK metric during the 495 

central phase of the movement.  496 

Executing a rhythmic movement under visual guidance recruits an extended visuomotor cortical network 497 

(Desmurget et al. 1999, 2001; Hanakawa et al. 2008; Andersen and Cui 2009; Glover et al. 2012), while this 498 

activation decreases when visual feedback is removed (Ronsse et al. 2011). Any potential damage in this 499 

pathway seems to preserve the capacity to execute non-visually guided rhythmic movement with limited 500 

kinematic impairments.    501 

 502 

Impairment hierarchy shows a possible role for spinal oscillators in rhythmic upper limb movements 503 

The observation that rhythmic arm movements recruit fewer cortical areas could be connected with the principle 504 

of central pattern generators (CPGs). CPGs were identified as neural oscillators capable of producing a periodic 505 

output while receiving no periodic input (Brown 1914; Shik et al. 1966; Marder and Bucher 2001; Ijspeert 2008). 506 

Locomotor CPGs are located – at least partly – at the spinal level, as revealed by studies in nonprimates and 507 

humans (Cohen et al. 1988; Collins and Richmond 1994; Dimitrijevic et al. 1998; Duysens and Van de 508 

Crommert 1998; Swinnen 2002; Kawashima et al. 2005). More recently, the concept of CPGs has also been 509 

extended to rhythmic movements in the upper extremities (Dietz, 2002; Zehr and Duysens, 2004; Zehr et al., 510 

2004; White et al., 2008; Ronsse et al., 2009), suggesting the presence of similar lower-level, i.e., spinal, 511 

circuitries for voluntary rhythmic arm movements.   512 

Our data revealed that the smoothness of rhythmic movements is preserved to a larger extent than discrete 513 

movements after a stroke, possibly associated with the fact that rhythmic arm movements might be partly 514 

governed by low-level CPGs. As the spinal contribution to rhythmic arm movement would remain accessible 515 

after a stroke (Zehr et al. 2012), smooth rhythmic movements – once initiated – could be performed mainly by 516 

relying on those undamaged low-level circuitries. In contrast, discrete movements require the recruitment of a 517 

broad cortical and cerebellar network, spanning over areas silent during rhythmic movement production (Schaal 518 

et al. 2004). 519 

This hierarchy of impairment could also account for the reported findings on asymmetric transfer between 520 

rhythmic and discrete movements (Ikegami et al. 2010). In a motor learning task, these authors reported that 521 

rhythmic movements training do not transfer to discrete movements, while in contrast discrete movements 522 
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training does transfer, as least partially. Again, this suggests that the cortical substrate involved in discrete motor 523 

learning includes the one recruited during rhythmic movements, but not the other way around. 524 

 525 

Limitations 526 

In this paper, we compared two naturally-induced movement types (rhythmic vs. discrete movements) by asking 527 

subjects to perform the same task but with different IDs. In particular, the discrete movement was induced by 528 

making the task “more difficult,” i.e., forcing the subject to stop on the targets, although this was not explicitly 529 

requested.  530 

The main limitation of this study is, consequently, that we did not add an additional discrete task with the same 531 

ID as during the rhythmic task, i.e. by explicitly asking the participants to stop on the targets.  Our intention was 532 

rather to induce rhythmic and discrete movements in an “ecological” (or implicit) way, as happens in daily life 533 

contexts. Participants produced rhythmic and discrete movements, although they received the exact same 534 

instructions for both tasks. Forcing discrete movements in a task having an ID calling for rhythmic movements 535 

would have broken this implicit context and strongly impacted the instructions to be delivered. In particular, we 536 

did not have to ask the participants to spend a specific duration on the targets (the so-called dwell time): this was, 537 

again, naturally happening due to the movement strategy they selected.  538 

Interestingly, we reported an impairment in the D-T task in both the central and reversal phases of the 539 

movement; this suggests that this type of movement requires a planning step that embraces the whole movement 540 

duration (Andersen and Cui 2009; Glover et al. 2012), and that this whole planning process is affected by a 541 

stroke insult. However, whether these results would be observed with discrete movements produced with the 542 

explicit instruction to stop on the targets (i.e., potentially with the same ID as our rhythmic movements) or 543 

without visual targets is still an open question. 544 

Finally, our protocol was made so that there were two simultaneous changes in the design of sequences: half of 545 

the participants performed the sequence with the reversed order of conditions and arms with respect to the other 546 

half. It would have been preferable to fully randomize the sequence of conditions and arms for each participant. 547 

Indeed, with this sequencing, neither the arm sequence effect nor the condition order effect can be studied, as 548 

they may cancel each other out. 549 
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 550 

Potential therapeutic interest  551 

Currently, classical upper-limb therapy focuses on intensive, task-specific, and context-specific movement 552 

training, which is composed of mainly discrete movements (Langhorne et al. 2011).  Our data confirms that 553 

these movements are the most affected ones and confirms the importance of intensively training these 554 

movements after stroke. 555 

However, if rhythmic movements are affected by a stroke – as we report in the present paper for a majority of 556 

our patients – they should also be included in the post-stroke therapy, in order to reach proper motor recovery of 557 

rhythmic movements themselves. Several complex daily life movements are based on the combination of 558 

rhythmic and discrete movements, like handwriting, scrabbling, hammering, knitting, sweeping a table, and 559 

playing the piano (Sternad and Dean 2003). Recovering such coordinated movements after a stroke would 560 

require the recovery of the combined execution of the independent motor primitives. Indeed, since rhythmic and 561 

discrete movements are –  at least partially – controlled by independent neural circuitries and form two different 562 

primitives, both need to be trained to recover a complete motor repertoire (Sternad and Dean 2003; Schaal et al. 563 

2004; Haiss and Schwarz 2005; Ikegami et al. 2010; Howard et al. 2011).  564 

Moreover, assuming that rhythmic movements are less affected than discrete ones, a progression in the exercises 565 

could be proposed from rhythmic to discrete movements. It might be feasible to build on the fact that rhythmic 566 

movements are lower in hierarchy and hence are more frequently intact. If so, discrete elements could be 567 

combined with rhythmic movements, leveraging the execution of movements with a higher degree of impairment 568 

to those which are performed more stably. 569 

Experimental paradigms including both movement types, like those performed by Sternad et al. (2000) for 570 

single-joint movements or Sternad and Dean (2003) for two-joint movements, are viable candidates.  571 

Finally, several previous studies showed that rhythmic arm cycling reduces spasticity and improves the range of 572 

motion and strength (Barbeau and Visintin 2003; Diserens et al. 2007; Zondervan et al. 2013a, 2013b). 573 

Moreover, bilateral arm training with rhythmic auditory cueing (Whitall et al. 2000; Luft et al. 2004) was shown 574 

to improve motor functions beyond those being trained, as captured by the improvement of several functional 575 

post-stroke assessment scales (FMA, Wolf Motor Function Test, daily live function, strength, and range of 576 

motion). This tends to suggest that performing unilateral rhythmic movements improves the general upper-limb 577 

performances after stroke.  578 

 579 
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In conclusion, the present paper studied rhythmic versus discrete movements in stroke patients to provide new 580 

insights on the neural organization of those two fundamental movements. These findings further suggest training 581 

rhythmic movements in addition to discrete movements during therapy to maximize post-stroke motor recovery.  582 
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Figure legends 740 

Fig. 1: Top: the REAplan robot, which was used as a measurement device. The white arrow denotes the 741 

movement direction that was studied in this experiment, i.e. forward-backward in the sagittal plane. Bottom: 742 

graphical interface (iv) shown to the patients when performing, with the right arm, (a) the discrete task with 743 

small targets (D-T), (b) the rhythmic task with large targets (R-T), and (c) the rhythmic task without targets (R-744 

NT). 745 

 746 

Fig. 2: Illustration of the reported metrics during the production of discrete (left) and rhythmic (right) 747 

movements.  One period or two submovements are displayed. Top: the position profile is displayed with the 748 

amplitude (A) and duration (D) of the first movement. Bottom: the velocity profile is displayed with the mean 749 

velocity, the number of peaks in the velocity profile, and the dwell time. Below, the acceleration profile is 750 

displayed with the landmarks used to compute the harmonicity index (i.e., �࢓�� and �࢓��). The lowest panel 751 

displays the squared jerk, which was used to compute the LDJ by normalizing the surface under the squared jerk 752 

profile by �૜/�࢓���૛ . 753 

 754 

Fig. 3:  Typical traces of the control subject 1 and patients 2, 3, 7 and 9 paretic side during the rhythmic with 755 

target (R-T, top) and the discrete with target (D-T, bottom) tasks. The gray areas represent the phases of 756 

movement reversal. 757 

 758 

Fig. 4: Top: general performance metrics, i.e. dwell time, precision, mean velocity and movement amplitude. 759 

Bottom: smoothness metrics, i.e. number of peaks, LDJ during the complete movement and number of peaks 760 

during the movement reversal and during the central phase of the movement only. These results are reported at 761 

the population level for the paretic arms (black), the non-paretic arms (dark gray) and the control arms (light 762 

gray) during the three tasks (except for the precision which cannot be computed during the R-NT task since no 763 

target was displayed). The error-bars represent 1 standard error of the mean.  The task-specific horizontal lines 764 

with a ‘*’ symbol show the cases for which the paretic arm is significantly different from the control and the 765 

non-paretic arms.  The upper horizontal lines with a ‘*’ highlight when the smoothness of the tasks are 766 

significantly different from each other. 767 
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 768 

Fig. 5: Harmonicity index H of the paretic arms (black), the non-paretic arms (dark gray) and the control arms 769 

(light gray) during the three tasks. The error-bars represent 1 standard error of the mean.  The task-specific 770 

horizontal lines with a ‘*’ symbol show the cases for which the paretic arm is significantly different from the 771 

control and the non-paretic arms.  The upper horizontal lines with a ‘*’ highlight when the tasks are significantly 772 

different from each other. 773 

 774 

Fig. 6: Classification of the patients according to their impairments in the R-NT, R-T and D-T task computed 775 

from the LDJ and peak metric during the complete movement (a, b, c and d) and during the central phase of the 776 

movement only (e and f). Panels ‘a’, ‘c’ and ‘e’ show a Venn diagram of the classification with a threshold set to 777 

1 standard deviation of the control group. Panels ‘b’,’d’ and ‘f’ show the same patient distribution by varying the 778 

classification threshold from 0.5 to 2 standard deviations. 779 

 780 
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Supplementary material: details of the mixed model equation 

 

The mixed model equation that was used in our analyzes is the following: ࢅ = ࢼࢄ + ࢽࢆ + � 

where ࢅ is the � × 1 vector of responses (� being the number of observations), ࢄ is the � × � design 

matrix for the fixed effects (� being the number of variables, i.e. the factors and their interactions); ࢼ 

is a � × 1 vector of unknown fixed effects with the design matrix ࢆ ;ࢄ is the � × � design matrix for 

the random effects (with � being the number of subjects); ࢽ is a � × 1 vector of unknown random 

effects with the design matrix ࢆ; and � is a � × 1 vector of unknown random errors. Note that both ࢽ 

and � follow a Gaussian distribution, i.e. ࢽ~�ሺ�, �ሻ with � being a � × � diagonal matrix with identical 

entries for each effect, and �~�ሺ�, �2��ሻ with �� being the � × � identity matrix. 

The covariance structure for this model is also called a ͞variance component structure͟. A distinct 

variance component is assigned for each of the random effects (here, one single random effect, i.e. 

the subject effect), and the covariances are null.  

Reference: SAS/STAT ϵ.Ϯ User’s Guide, Ϯ00ϴ, p.ϯϵ55 

 


