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Abstract

IMPORTANCE Selective serotonin reuptake inhibitors (SSRIs) are a common first-line treatment for
some psychiatric disorders, including depression and anxiety; although they are generally well
tolerated, SSRIs have known adverse effects, including movement problems, sleep disruption, and
gastrointestinal problems (eg, nausea and upset stomach). No large-scale studies using naturalistic,
longitudinal, objective data have validated physical activity findings, and actigraphy data are well
suited to address this task.

OBJECTIVES To evaluate whether differences in physical movement exist among individuals treated
with SSRIs compared with control participants and to identify the unique features of the movement
of patients treated with SSRIs.

DESIGN, SETTING, AND PARTICIPANTS This cross-sectional study examines longitudinally
collected wearable movement data within a cross-sectional sample of 7162 participants from the
2005-2006 National Health and Nutrition Examination Survey (NHANES), a nationally
representative population-based sample of noninstitutionalized persons in the US having both
medication information and passive movement data. Statistical analysis was performed from April 1,
2021, to February 1, 2022.

EXPOSURES The use of SSRIs (sertraline hydrochloride, escitalopram oxalate, fluoxetine
hydrochloride, paroxetine hydrochloride, and citalopram hydrobromide), as reported by participants
interviewed by NNHANES personnel, was the primary exposure, measured as a binary variable
(taking an SSRI vs not taking an SSRI).

MAIN OUTCOMES AND MEASURES The primary outcome was the intensity of body movement as
recorded by a piezoelectric accelerometer worn on the right hip for more than 1 week.

RESULTS Of the 7162 participants included in the study, the mean (SD) age was 33.7 (22.6) years,
266 (3.7%) were taking an SSRI, 3706 (51.7%) were female, 1934 (27.0%) were Black, 1823 (25.5%)
were Mexican American, 210 (2.9%) were other Hispanic, 336 (4.7%) were other or multiracial, and
2859 (39.9%) were White (per the NHANES data collection protocol). A cross-validated, deep
learning classifier was constructed that achieved fair performance predicting SSRI use (area under
the curve, 0.67 [95% CI, 0.64-0.71] for the validation set and 0.66 [95% CI, 0.64-0.68] for the test
set). To account for possible confounding by indication, we constructed a parallel model
incorporating depression severity, finding only marginal performance improvement. When averaged
across individuals and across 7 days, the results show less overall movement in the SSRI group (mean,
120.1 vertical acceleration counts/min [95% CI, 115.7-124.6 vertical acceleration counts/min])
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Abstract (continued)

compared with the non-SSRI control group (mean, 168.8 vertical acceleration counts/min [95% CI,
162.8-174.9 vertical acceleration counts/min]).

CONCLUSIONS AND RELEVANCE This cross-sectional study found a moderate association
between passive movement and SSRI use, as well as SSRI detection capacity of passive movement
using time series deep learning models. The results support the use of passive sensors for exploration
and characterization of psychotropic medication adverse effects.
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Introduction

Selective serotonin reuptake inhibitors (SSRIs) have become the first-line pharmacotherapy for
managing some of the most common psychiatric conditions, including depression and anxiety.1,2

Given the prevalence of SSRI use, the potential adverse effects of SSRIs are of considerable
importance for public health. Although SSRIs have a much improved adverse effect profile compared
with their predecessors, the monoamine oxidase inhibitors and the tricyclic antidepressants, clinical
evidence from the past several decades suggests that SSRIs are not benign, with self-reported data
suggesting that 38% of patients experienced adverse effects and 25% of these patients reported
that their adverse effects were a significant burden.3 Common adverse effects of SSRIs have included
impaired sexual functioning (56%), drowsiness (53%), weight gain (49%), dry mouth (19%),
insomnia (16%), fatigue (14%), nausea (14%), and dizziness (13%). In addition, 12% of patients have
reported adverse effects associated with involuntary physical movement or “tremor.” Numerous case
reports have also highlighted the potential SSRI-mediated adverse effects associated with abnormal
physical movement (often termed extrapyramidal symptoms), including dystonia, akathisia,
and tremor.4-7

We see 2 problems in the existing literature on the adverse effects of SSRIs that have clinical
implications. First, existing investigations may provide an incomplete picture of the adverse effect
profile of SSRIs, given that research to date is based almost solely on either case studies or studies
commissioned by drug manufacturers. This incomplete understanding of its adverse effect profile
poses clinically significant challenges in that adherence to antidepressant use is affected by both
patient and clinician factors. For instance, adherence to the use of such medications is reduced by
insufficient patient education about antidepressants,8 which may include adverse effects. Drug
manufacturers may not be sufficiently motivated to explore the more subtle (although still
bothersome) adverse effects that are not likely to be life threatening. Both existing case studies and
industry-sponsored studies have relied almost exclusively on retrospective self-reported symptoms.
This is a problem because, for an adverse effect to be detected, patients must be consciously aware
of the adverse effect, and in case studies, patients or physicians must also attribute the adverse
effect to the drug. In such contexts, subtler adverse effects may go undetected.

Second, there are empirical and theoretical reasons to suspect that SSRIs may affect not only
finer, localized physical movement, such as tremor or other forms of extrapyramidal symptoms, but
also more generalized physical movement. For instance, multiple experiments have shown an
association between SSRI administration and a generalized reduction in the capacity for bodily
movement.9-11 Research of this kind is consistent with the central fatigue hypothesis,12 which
suggests that increased serotonin in the brain can lead to an earlier onset of fatigue under exertion.
Improved knowledge of such movement-related adverse effects associated with the use of SSRIs
would be beneficial because this drug class is not generally associated with reduced physical
movement, and such knowledge could better inform health care professionals about the potentially
problematic downstream effects of these drugs. Such knowledge may also prevent these
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movement-related problems associated with SSRIs from being misdiagnosed, unobserved, or
untreated.

We propose that new and more rigorous research is needed to investigate the movement-
related adverse effects associated with the use of SSRIs. In this domain, longitudinal data obtained
from an ambulatory device (ie, a piezoelectric accelerometer) are ideal. Such data have the potential
to capture more objective, time-dependent, naturalistic, nonconscious features that manifest within
daily life. Movement data of this type have been used in multiple studies examining responses to
psychiatric medications, including antipsychotics,13 stimulants,14,15 and antidepressants,16,17

although, to our knowledge, no large-scale, naturalistic studies have examined the association of
SSRI use with movement. Longitudinal activity data may provide information about an individual’s
diurnal patterns, daily physical activity, and sleep disturbance. In addition to general physical activity,
there is also reason to believe that previously the reported adverse effects of SSRI use, including
involuntary movements, drowsiness, insomnia, fatigue, and weight gain, would be detectable in the
longitudinal data.

With the existing National Health and Human Nutrition Examination Survey (NHANES) data set,
the present analysis aims to better understand the association between SSRI use and physical
movement by using dense longitudinal activity data and machine learning methods in a data-driven
approach. Our primary aims are (1) to evaluate whether SSRI use is associated with abnormal physical
movement patterns in day-to-day life and (2) to characterize the nature of any temporal movement
patterns found to be associated with SSRI use. We hypothesized that, given the reported movement-
related adverse effects of SSRIs (eg, sleep changes, drowsiness, and tremors), the longitudinal data
on movement would predict SSRI use with moderate accuracy, even while considering confounders
of indication (ie, depression).

Methods

Study Design
The present analysis uses a cross-sectional design, with a sample from the 2005-2006 NHANES. The
study was approved by the National Center of Health Statistics research ethics review board, and
written informed consent was obtained from participants prior to data collection. This study followed
the Strengthening the Reporting of Observational Studies in Epidemiology (STROBE) reporting
guideline.

Participants
The 2005-2006 NHANES was used to survey a total of 10 348 randomly selected participants in a
nationally representative sample. Of these participants, a subset of 7162 participants (3456 male
participants [48.3%] and 3706 female participants [51.7%]; mean [SD] age, 33.7 [22.6] years) had
reliable 7-day passive movement intensity data and prescription medication information. The
NHANES is a major program of the National Center of Health Statistics aimed at assessing the health
and nutrition status of the US population, through survey and objective data. The NHANES uses US
Census data to sample noninstitutionalized individuals residing in the United States.18 Race and
ethnicity information was self-reported by participants and collected as part of a routine
demographic survey. Movement intensity data were collected via a hip-mounted ActiGraph AM-7164
piezoelectric accelerometer (ActiGraph LLC).19 The acceleration data were summed within 1-minute
epochs spanning 7 days (for a total of 10 080 movement data points for each participant).
Medications were self-reported by participants and, in 55.1% of cases (9921 of 18 005), verified by
prescription bottle.20 In total, 266 persons reported taking SSRI medications, including sertraline
hydrochloride, escitalopram oxalate, fluoxetine hydrochloride, paroxetine hydrochloride, and
citalopram hydrobromide. Actigraphy data (longitudinal time series) collected over 1 week constitute
the study’s dependent (outcome) variable, and data on SSRI use (binary: yes or no) constitute the
study’s independent (exposure) variable. Potential confounders included demographic features and
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indication (eg, depression severity, measured via self-report). Our data set is shown schematically in
Figure 1A.

Data Preprocessing
Data Smoothing
To reduce noise and outliers in the longitudinal data, we applied the Savitzky-Golay filter, a
polynomial smoothing filter (Figure 1B)21 found to better preserve temporal data, with a signal to
noise ratio 2 times higher than a simple moving mean filter.22

Reshaping Data and Standardization
We reshaped participant movement data according to the method described by Rahman and
Adjeroh23 and used in processing NHANES movement data. For each participant, we reshaped the
1-dimensional (10 080 minutes) array to a sequence of 7 daily actigraphy arrays (of size 24
hours × 60 minutes) (Figure 1A). As discussed by Rahman and Adjeroh,23 this representation
explicates potential temporal patterns in the data across hours and days. Finally, we standardized
each minute of the activity data across all 7162 participants using z-score normalization.

Data Splitting and Stratification
We used a 10-fold cross-validation approach (80%), with a single held-out test set (20%). Because
of a drug class imbalance (SSRI vs no SSRI), we used stratification during data splitting to maintain

Figure 1. Data Set and Smoothing
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A, Schematic of the 7-day activity record for each participant across the control and
selective serotonin reuptake inhibitor (SSRI) groups. The control group contains 6896
individuals, and the SSRI group contains 266 individuals. B, Schematic of the data
smoothing pipeline. The left side of the diagram shows a sample of the smoothed activity

superimposed on the movement data for 24 hours for 1 participant. After smoothing,
there is less noise in the data, allowing for better visualization of trends. The blue line
indicates no filter, and the orange line indicates smoothing.
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similar proportions of each class in both the training and held-out test sets. Similarly, during cross-
validation, we used StratifiedKFold24 from Python’s sklearn package to maintain similar class
proportions. To mitigate the potential learning bias from class imbalance, we applied class weights
(266 of 7162 for the no-SSRI class and 6896 of 7162 for the SSRI class) to enforce a greater model
penalty for poor predictions in the SSRI class.

Model Pipeline and Analysis
Simple Logistic Regression With Wavelet-Derived Features
To begin modeling, we started with a simple approach using logistic regression with wavelet-derived
features to act as a baseline for accuracy and model stability. Using Daubechies wavelet,25 we
performed 6 levels of decomposition, extracting the mean value, percentiles (25th and 75th),
entropy, SD, variance, and the mean number of crossings. We used these features in a 10-fold cross-
validated logistic regression model.

Convolutional–Long Short-Term Memory Model With Time Series Data
After testing a simple logistic regression model, we constructed a deep learning model, capable of
encoding time series data to compare performance. We began by reshaping our data to a sequence
of 7 daily actigraphy arrays for each participant (Figure 2A and B). Our deep learning model
comprised multiple convolutional–long short-term memory (Conv-LSTM) layers (Figure 2C)26 and
dense layers (Figure 2D). Long short-term memory networks and convolutional neural networks
have shown promise in modeling time series data.23,27-30 To exploit the favorable properties of both
LSTMs and convolutional neural networks for time series, we used Conv-LSTM layers, conceptualized
in 2015 by Shi et al26 and successfully used by Rahman and Adjeroh.23 This approach allows for a
reduction in the number of LSTM time steps from 10 080 (ie, 1 time step for every minute) to 7 (ie, 1
time step for every day of the week).

We began by passing the data to a Conv-LSTM layer (Figure 2C), a maximum pooling layer, a
second Conv-LSTM layer, and a dropout layer (dropout rate, 0.2). The output was then passed to a
dense layer (Figure 2D) (similar to the approach used by Rahman and Adjeroh23) to make a final scalar

Figure 2. Convolutional–Long Short-Term Memory (Conv-LSTM) Pipeline
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A, The reshaping of the data can be visualized by representing each minute as a box, with
the shading inversely associated with the magnitude of activity at that point. A daily
activity log is constructed by creating a 60 × 24 matrix, where each row represents 60
minutes. B, The input to the model pipeline comprised a (7162 × 60 × 24 × 7) activity

array. This was passed through 2 Conv-LSTM layers (C) and then to a dense layer (D),
which outputs the final model prediction (E). F, Analysis was run with 9-item Patient
Health Questionnaire (PHQ-9) scores by concatenating the PHQ-9 score to output from
the Conv-LSTM layer. SSRI indicates selective serotonin reuptake inhibitor.
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prediction: the likelihood of being on an SSRI � [0, 1] (Figure 2E). Shapley Additive Explanations
(SHAP) were averaged across the 10 folds of the deep learning model and used to quantify the
relative importance of a given time point (minute) across participants and across days in our model.31

To visualize the relative association of the actigraphy data with the prediction of SSRI use, SHAP
values were averaged over a 60-minute rolling window and plotted on a background color scale
against SSRI and control activity averaged across days and participants of their respective group
(Figure 3A and B).

Statistical Analysis
The χ2 test was performed for sex and for race and ethnicity, and the t test was performed for the
mean 9-item Patient Health Questionnaire (PHQ-9) total score and mean age. The χ2 test was
1-sided, the t test was 2-sided, and results were deemed statistically significant at P < .05. Statistical
analysis was performed from April 1, 2021, to February 1, 2022, using the SciPy package in Python,
version 1.4.1.

Figure 3. Shapley Additive Explanations (SHAP) Values for Actigraphy Modeling
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association between movement and SSRI use, and low or blue SHAP values suggest a

negative association between movement and SSRI use. Regions of relatively high or low
SHAP values reveal time frames that were influential to the model’s prediction. C,
Spearman correlation between participants’ raw actigraphy values and corresponding
SHAP values for every minute in a day, smoothed with a 60-minute rolling window
mean value.
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Results

Baseline demographic and clinical information for participants is shown in Table 1. Of the 7162
participants included in the study, the mean (SD) age was 33.7 (22.6) years, 266 (3.7%) were taking
an SSRI, 3456 (48.3%) were male, and 3706 (51.7%) were female. A total of 1934 participants
(27.0%) were Black, 1823 (25.5%) were Mexican American, 210 (2.9%) were other Hispanic, 336
(4.7%) were other or multiracial, and 2859 (39.9%) were White (per the NHANES data collection
protocol).

Model Performance Metrics
We report our results using multiple metrics for (1) the wavelet-derived feature logistic regression
model, (2) the Conv-LSTM model fit to actigraphy data alone, and (3) the Conv-LSTM model fit to
actigraphy data concatenated with depression scores in Table 2. We found fair model performance
overall, with marginal area under the receiver operating characteristic curve (AUC) gain in the Conv-
LSTM model compared with the logistic regression model (Conv-LSTM model: mean AUC, 0.67 [95%
CI, 0.64-0.71] for the validation set and 0.66 [95% CI, 0.64-0.68] for the test set; logistic regression
model: mean AUC, 0.65 [95% CI, 0.60-0.71] for the validation set and 0.64 [95% CI, 0.64-0.64] for
the test set). We found higher variability in the cross-validated logistic regression model compared
with the Conv-LSTM model, indicating lower model stability. Across all models, we found moderate
sensitivity and specificity (Table 2), high negative predictive value, very low positive predictive value,
and a high population stability index (lower in the logistic regression model compared with the
Conv-LSTM model).

Movement Differences Between SSRI and Control Groups
When averaged across individuals and across 7 days (Figure 3A and B), our results show overall less
movement in the SSRI group (mean, 120.1 vertical acceleration counts/min [95% CI, 115.7-124.6

Table 1. Baseline Demographic Characteristics of Participants in the 2005-2006 National Health and Nutrition
Examination Survey SSRI Cohort and the Non-SSRI Cohorta

Characteristic

Participants, No. (%)

P valueSSRI (n = 266) No SSRI (n = 6896)
Age, y

<20 29 (10.9) 2943 (42.7)

<.001

20-29 24 (9.0) 851 (12.3)

30-39 25 (9.4) 696 (10.1)

40-49 43 (16.2) 685 (9.9)

50-59 56 (21.1) 513 (7.4)

60-69 40 (15.0) 561 (8.1)

70-84 45 (16.9) 542 (7.9)

≥85 4 (1.5) 105 (1.5)

Mean (SD) age, y 49.6 (20.2) 33.1 (22.4)

Sex

Female 186 (69.9) 3520 (51.0)
<.001

Male 80 (30.1) 3376 (49.0)

Race and ethnicity

Non-Hispanic

Black 34 (12.8) 1900 (27.6)

<.001

White 180 (67.7) 2679 (38.8)

Mexican American 33 (12.4) 1790 (26.0)

Other Hispanic 7 (2.6) 203 (2.9)

Other race (including multiractial)b 12 (4.5) 324 (4.7)

Clinical

Mean (SD) PHQ-9 total score 4.26 (4.27) 2.68 (2.82) <.001

Abbreviations: PHQ-9, 9-item Patient Health
Questionnaire; SSRI, selective serotonin reuptake
inhibitor.
a The χ2 test was performed for sex and race and

ethnicity, and the t test was performed for mean
PHQ-9 total score and mean age.

b This category indicates racial categories not
matching 1 of the predefined categories or
multiracial.
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vertical acceleration counts/min]) compared with the non-SSRI control group (mean, 168.8 vertical
acceleration counts/min [95% CI, 162.8-174.9 vertical acceleration counts/min]). We also found
important differences in the rate of movement change in the morning and evening hours, with the
SSRI group showing a slower morning increase in movement and a slower evening decrease in
movement. This difference can be observed in Figure 3A and B and was quantified by calculating the
slopes of the best-fit lines over morning and evening intervals (6-9 AM and 6-9 PM, respectively). The
SSRI group showed a morning slope of 0.73 vertical acceleration counts/min2 (95% CI, 0.72-0.74
vertical acceleration counts/min2) compared with 0.97 vertical acceleration counts/min2 (95% CI,
0.95-0.99 vertical acceleration counts/min2) in the control group. Comparably, the SSRI group
showed an evening slope of −0.39 vertical acceleration counts/min2 (95% CI, −0.38 to −0.40 vertical
acceleration counts/min2) compared with −0.76 vertical acceleration counts/min2 (95% CI, −0.75 to
−0.77 vertical acceleration counts/min2) in the control group.

Addressing the Potential for Confounding by Indication
Given the prescription of SSRIs primarily for mood and anxiety disorders, we encountered the
potential for confounding by indication. To address this potential confounder, we used PHQ-9
depression severity scores,32 available for 59.8% (857 of 1433) of our held-out test participants. We
imputed missing PHQ-9 scores with participant demographic characteristics using multivariate
imputation.33 Using our deep learning pipeline, we included information on depression as input to
the first dense layer in our model (Figure 2), by concatenating PHQ-9 scores with activity data. We
found no model improvement in the test set AUC and a very marginal increase in the validation set
AUC. This finding suggested little additive value of PHQ-9 scores in incrementing the prediction of
SSRI use. In addition, we have included results from a general logistic regression model (eTable in the
Supplement), directly comparing standardized β coefficients between depression severity and
movement. The results demonstrate higher weight of movement compared with depression severity
in predicting SSRI use, further supporting that the SSRI predictions were not confounded by
indication.

Model Explainability
To address the question of model explainability, we used SHAP to assess the relative impotance of
features, in which each time point was considered a feature, and each participant’s movement
intensity at the respective time point was considered an instance. Results are shown in Figure 3A
and B.

Table 2. Modeling Performance Metrics

Modela AUC, mean (95% CI) Cut point Sensitivity Specificity PPV, % NPV, % BAC PSI
Conv-LSTM model

Held-out test set (activity only) 0.66 (0.64-0.68) 0.48 0.79 0.50 5.77 98.43 0.65 10.02

Cross-validation sets (activity only) 0.67 (0.64-0.71) 0.49 0.68 0.60 6.90 98.10 0.64 10.03

Conv-LSTM model with depression scores

Held-out test set (PHQ-9 plus activity) 0.66 (0.65-0.67) 0.50 0.74 0.56 6.13 98.26 0.65 10.10

Cross-validation sets (PHQ-9 plus activity) 0.70 (0.65-0.75) 0.50 0.73 0.60 7.10 98.35 0.66 10.20

Wavelet LogReg model

Held-out test set 0.64 (0.64-0.64) 0.08 0.72 0.56 5.95 98.15 0.64 3.40

Cross-validation sets 0.65 (0.60-0.71) 0.06 0.72 0.54 6.05 98.22 0.63 3.41

Abbreviations: AUC, area under the receiver operating characteristic curve; BAC,
balanced accuracy; Conv-LSTM, convolutional–long short-term memory; LogReg, logistic
regression; NPV, negative predictive value; PHQ-9, 9-item Patient Health Questionnaire;
PPV, positive predictive value; PSI, population stability index.
a Given the small size of our selective serotonin reuptake inhibitor group, we present

these metrics for each model (Conv-LSTM run with movement data alone, Conv-LSTM

run with movement data and depression scores, and logistic regression operating on
wavelet-derived features) to ensure comprehensive report of model performance.
Sensitivity, specificity, PPV, NPV, BAC, and PSI are mean values across 10 cross-
validation sets or across distinct model runs of held-out test set; AUC remains the
primary outcome metric, which is discussed in the Results and Discussion sections.

JAMA Network Open | Psychiatry Association of SSRI Use With Abnormal Physical Movement Patterns

JAMA Network Open. 2022;5(4):e225403. doi:10.1001/jamanetworkopen.2022.5403 (Reprinted) April 7, 2022 8/12

Downloaded From: https://jamanetwork.com/ by a Dartmouth College User  on 05/26/2022

https://jama.jamanetwork.com/article.aspx?doi=10.1001/jamanetworkopen.2022.5403&utm_campaign=articlePDF%26utm_medium=articlePDFlink%26utm_source=articlePDF%26utm_content=jamanetworkopen.2022.5403


Features (ie, time points) with high relative importance for detecting SSRI use are shown in
different shades of red, while those with high importance in not detecting SSRI use (control) are
shown in different shades of blue (Figure 3A and B). We found that the activity points in the morning
and early afternoon are particularly important in positively detecting SSRI use (Figure 3B) and that
activity in the afternoon and evening is important in negatively detecting SSRI use (Figure 3A and B).
In addition, we present the Spearman correlation between the SHAP value and movement intensity
at each minute (Figure 3C) to show the association between raw movement intensity and the
respective SHAP value (ie, the importance of the feature).

Discussion

To date, understanding of the adverse effects of SSRIs is based largely on patient self-report, often
via retrospective surveys3 and reports from the pharmaceutical industry. Although we identified a
single, small study examining the association between SSRI use and movement,17 to our knowledge,
no large-scale studies to date have examined the association between SSRI use and movement in an
ecologically valid, naturalistic way. The present study uses objective, dense longitudinal data,
passively collected over 7 days from a large nationally representative sample, and examines the
associations between SSRI use and physical movement profiles. Our results demonstrate
associations between SSRI use and human movement and further demonstrate the existence of a
movement phenotype characteristic of SSRI use.

Among individuals taking SSRIs, we found (1) overall less movement across 7 days, (2) more
gradual increases in movement in the morning, and (3) a more gradual decrease in movement
intensity in the evening (Figure 3A and B). The overall decreased intensity of movement in the SSRI
group is consistent with the central fatigue hypothesis,12 which emphasizes the importance of
monoamine neurotransmitters, such as serotonin and dopamine, in regulating physical activity and
fatigue. Robust evidence from animal studies suggests decreased performance (ie, shorter time to
fatigue) in response to increased serotonergic activity.34 Although similar results have been found in
humans,35 the outcomes are more mixed and the evidence less robust.12 This association between
SSRI use and overall decreased movement is especially important considering the benefits associated
with physical activity and exercise for individuals with mild to moderate depression.36 Supposing a
causal link between SSRI use and movement (although experimental prospective research is needed
to establish this), the positive effect of SSRI use on depression may be attenuated by lower physical
activity levels for some patients.

Our results also suggest that evening and overnight actigraphy patterns are associated with
non-SSRI model inference (Figure 3B). This association may suggest a link between nighttime-
specific motor changes and SSRI use and may be contextualized in the literature suggesting SSRI-
induced sleep architecture disruption37 as well as reports of SSRI-worsened insomnia.3 Taken
together, the present findings begin to disentangle the complex, potentially confounding association
between movement, medication, and depression. It suggests that SSRIs are associated with unique
movement phenotypes, independent of one of their main indications.

Limitations
There are several important limitations that should be considered in this research. First, our results
demonstrate detection only, not causation. However, such naturalistic detection studies are
important in prompting future randomized prospective research on this subject. Second, our
outcome variable is subject to confounding by indication. We mitigated as much as possible by
incorporating participant depression scores into our results. Because depression scores were
available for only 59.8% of the sample, we used a robust multivariate approach to impute missing
values. Severity scores for anxiety, obsessive-compulsive disorder, and posttraumatic stress disorder
(and other potential SSRI indications) were not assessed in the study, and it is possible that some of
the abnormal movement patterns are due to these indications rather than the medication alone.
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Third, our data set does not contain information about SSRI adherence or dosage. We are, therefore,
not able to make dose- or adherence-associated inferences. Fourth, the SSRI group was small
compared with the control group; however, we accounted for this by more highly weighting those in
the SSRI cohort. Our results indicate minimal AUC loss for model performance on the held-out test
set. Fifth, individuals were not randomly assigned to the SSRI or control group; therefore, subgroup
baseline differences may exist (age, mean PHQ-9 score, sex, and race and ethnicity are all possible
confounding variables).

Conclusions

To our knowledge, our research is the first to investigate adverse effect profiles of SSRIs using naturalis-
tic, passively collected, longitudinal data. Our results demonstrate an overall reduction in movement
among those taking SSRIs compared with those who are not taking SSRIs. In addition, individuals pre-
scribed SSRIs seem to have overall slower increase in movement in the morning and likewise a slower
tapering of movement in the evening, suggesting less well-defined sleep-wake boundaries. Our results
highlight the utility of passively collected data for the exploration and characterization of the adverse
effects of medications and suggest the importance of future prospective research aimed at further un-
derstanding the association between antidepressants and movement.

ARTICLE INFORMATION
Accepted for Publication: February 14, 2022.

Published: April 7, 2022. doi:10.1001/jamanetworkopen.2022.5403

Open Access: This is an open access article distributed under the terms of the CC-BY License. © 2022 Heinz MV
et al. JAMA Network Open.

Corresponding Author: Michael V. Heinz, MD, Center for Technology and Behavioral Health, Dartmouth College,
46 Centerra Pkwy, Lebanon, NH 03766 (michael.v.heinz@dartmouth.edu).

Author Affiliations: Center for Technology and Behavioral Health, Dartmouth College, Lebanon, New Hampshire
(Heinz, Price, Ruan, Klein, Nemesure, Lopez, Jacobson); Department of Psychiatry, Dartmouth-Hitchcock Medical
Center, Lebanon, New Hampshire (Heinz, Jacobson).

Author Contributions: Dr Heinz and Mr Price had full access to all of the data in the study and take responsibility
for the integrity of the data and the accuracy of the data analysis.

Concept and design: Heinz, Ruan, Nemesure, Jacobson.

Acquisition, analysis, or interpretation of data: All authors.

Drafting of the manuscript: Heinz, Price, Ruan, Lopez, Jacobson.

Critical revision of the manuscript for important intellectual content: All authors.

Statistical analysis: Heinz, Ruan, Nemesure, Lopez, Jacobson.

Obtained funding: Jacobson.

Administrative, technical, or material support: Heinz, Price, Ruan, Jacobson.

Supervision: Heinz, Jacobson.

Conflict of Interest Disclosures: Mr Ruan reported receiving grants from the Neukom Institute for Computational
Science during the conduct of the study. No other disclosures were reported.

Funding/Support: This study was funded by the Neukom Institute for Computational Science; and Dartmouth
College, Dartmouth College Open Access Fund. This work was partially funded by the National Institute of Mental
Health and the National Institute of General Medical Sciences under grant 1 R01 MH123482-01.

Role of the Funder/Sponsor: Funding organizations listed above were not involved in design and conduct of the
study; collection, management, analysis, and interpretation of the data; preparation, review, or approval of the
manuscript; and decision to submit the manuscript for publication.

Meeting Presentation: This study was presented at the Conference of the Anxiety and Depression Association of
America; March 18, 2022; Denver, Colorado.

JAMA Network Open | Psychiatry Association of SSRI Use With Abnormal Physical Movement Patterns

JAMA Network Open. 2022;5(4):e225403. doi:10.1001/jamanetworkopen.2022.5403 (Reprinted) April 7, 2022 10/12

Downloaded From: https://jamanetwork.com/ by a Dartmouth College User  on 05/26/2022

https://jama.jamanetwork.com/article.aspx?doi=10.1001/jamanetworkopen.2022.5403&utm_campaign=articlePDF%26utm_medium=articlePDFlink%26utm_source=articlePDF%26utm_content=jamanetworkopen.2022.5403
https://jamanetwork.com/pages/cc-by-license-permissions/?utm_campaign=articlePDF%26utm_medium=articlePDFlink%26utm_source=articlePDF%26utm_content=jamanetworkopen.2022.5403
mailto:michael.v.heinz@dartmouth.edu


REFERENCES
1. Cipriani A, Furukawa TA, Salanti G, et al. Comparative efficacy and acceptability of 21 antidepressant drugs for
the acute treatment of adults with major depressive disorder: a systematic review and network meta-analysis.
Focus (Am Psychiatr Publ). 2018;16(4):420-429.

2. Nutt DJ. Overview of diagnosis and drug treatments of anxiety disorders. CNS Spectr. 2005;10(1):49-56. doi:
10.1017/S1092852900009901

3. Cascade E, Kalali AH, Kennedy SH. Real-world data on SSRI antidepressant side effects. Psychiatry (Edgmont).
2009;6(2):16-18.

4. Madhusoodanan S, Alexeenko L, Sanders R, Brenner R. Extrapyramidal symptoms associated with
antidepressants—a review of the literature and an analysis of spontaneous reports. Ann Clin Psychiatry. 2010;22
(3):148-156.

5. Jiménez-Jiménez FJ, Molina JA. Extrapyramidal symptoms associated with selective serotonin reuptake
inhibitors. CNS Drugs. 2000;14(5):367-379. doi:10.2165/00023210-200014050-00004

6. Lane RM. SSRI-induced extrapyramidal side-effects and akathisia: implications for treatment.
J Psychopharmacol. 1998;12(2):192-214. doi:10.1177/026988119801200212

7. Hedenmalm K, Güzey C, Dahl ML, Yue QY, Spigset O. Risk factors for extrapyramidal symptoms during
treatment with selective serotonin reuptake inhibitors, including cytochrome P-450 enzyme, and serotonin and
dopamine transporter and receptor polymorphisms. J Clin Psychopharmacol. 2006;26(2):192-197. doi:10.1097/01.
jcp.0000203200.96205.34

8. Sansone RA, Sansone LA. Antidepressant adherence: are patients taking their medications? Innov Clin
Neurosci. 2012;9(5-6):41-46.

9. Wilson WM, Maughan RJ. Evidence for a possible role of 5-hydroxytryptamine in the genesis of fatigue in man:
administration of paroxetine, a 5-HT re-uptake inhibitor, reduces the capacity to perform prolonged exercise. Exp
Physiol. 1992;77(6):921-924. doi:10.1113/expphysiol.1992.sp003660

10. Strüder HK, Hollmann W, Platen P, Donike M, Gotzmann A, Weber K. Influence of paroxetine, branched-chain
amino acids and tyrosine on neuroendocrine system responses and fatigue in humans. Horm Metab Res. 1998;
30(4):188-194. doi:10.1055/s-2007-978864

11. Davis JM, Bailey SP, Jackson DA, Strasner AB, Morehouse SL. 438 Effects of a serotonin (5-HT) agonist during
prolonged exercise to fatigue in humans. Med Sci Sports Exerc. 1993;25(5):S78. doi:10.1249/00005768-
199305001-00440

12. Meeusen R, Watson P, Hasegawa H, Roelands B, Piacentini MF. Central fatigue: the serotonin hypothesis and
beyond. Sports Med. 2006;36(10):881-909. doi:10.2165/00007256-200636100-00006

13. Kiang M, Daskalakis ZJ, Christensen BK, Remington G, Kapur S. Actigraphic measurement of the effects of
single-dose haloperidol and olanzapine on spontaneous motor activity in normal subjects. J Psychiatry Neurosci.
2003;28(4):293-299. doi:10.1016/S0920-9964(03)80172-X

14. Boonstra AM, Kooij JJS, Oosterlaan J, Sergeant JA, Buitelaar JK, Van Someren EJW. Hyperactive night and day?
actigraphy studies in adult ADHD: a baseline comparison and the effect of methylphenidate. Sleep. 2007;30(4):
433-442. doi:10.1093/sleep/30.4.433

15. Ironside S, Davidson F, Corkum P. Circadian motor activity affected by stimulant medication in children with
attention-deficit/hyperactivity disorder. J Sleep Res. 2010;19(4):546-551. doi:10.1111/j.1365-2869.2010.00845.x

16. Rothschild-Fuentes B, Roche A, Jiménez-Genchi A, Sánchez-Ferrer JC, Fresan A, Muñoz-Delgado J. Effects of
mirtazapine on the sleep wake rhythm of geriatric patients with major depression: an exploratory study with
actigraphy. Pharmacopsychiatry. 2013;46(2):59-62.

17. Volkers AC, Tulen JHM, Van Den Broek WW, Bruijn JA, Passchier J, Pepplinkhuizen L. 24-Hour motor activity
after treatment with imipramine or fluvoxamine in major depressive disorder. Eur Neuropsychopharmacol. 2002;
12(4):273-278. doi:10.1016/S0924-977X(02)00019-6

18. Centers for Disease Control and Prevention. About the National Health and Nutrition Examination Survey.
Published January 8, 2020. Accessed September 26, 2021. https://www.cdc.gov/nchs/nhanes/about_nhanes.htm

19. ActiGraph. Accessed September 3, 2021. https://www.actigraphcorp.com/

20. Centers for Disease Control and Prevention. National Health and Nutrition Examination Survey: 2005-2006
data documentation, codebook, and frequencies. Published September 2008. Accessed September 26, 2021. https://
wwwn.cdc.gov/Nchs/Nhanes/2005-2006/RXQ_RX_D.htm

21. Savitzky A, Golay MJE. Smoothing and differentiation of data by simplified least squares procedures. Anal
Chem. 1964;36(8):1627-1639. doi:10.1021/ac60214a047

JAMA Network Open | Psychiatry Association of SSRI Use With Abnormal Physical Movement Patterns

JAMA Network Open. 2022;5(4):e225403. doi:10.1001/jamanetworkopen.2022.5403 (Reprinted) April 7, 2022 11/12

Downloaded From: https://jamanetwork.com/ by a Dartmouth College User  on 05/26/2022

https://www.ncbi.nlm.nih.gov/pubmed/32021580
https://dx.doi.org/10.1017/S1092852900009901
https://www.ncbi.nlm.nih.gov/pubmed/19724743
https://www.ncbi.nlm.nih.gov/pubmed/19724743
https://www.ncbi.nlm.nih.gov/pubmed/20680187
https://www.ncbi.nlm.nih.gov/pubmed/20680187
https://dx.doi.org/10.2165/00023210-200014050-00004
https://dx.doi.org/10.1177/026988119801200212
https://dx.doi.org/10.1097/01.jcp.0000203200.96205.34
https://dx.doi.org/10.1097/01.jcp.0000203200.96205.34
https://www.ncbi.nlm.nih.gov/pubmed/22808448
https://www.ncbi.nlm.nih.gov/pubmed/22808448
https://dx.doi.org/10.1113/expphysiol.1992.sp003660
https://dx.doi.org/10.1055/s-2007-978864
https://dx.doi.org/10.1249/00005768-199305001-00440
https://dx.doi.org/10.1249/00005768-199305001-00440
https://dx.doi.org/10.2165/00007256-200636100-00006
https://dx.doi.org/10.1016/S0920-9964(03)80172-X
https://dx.doi.org/10.1093/sleep/30.4.433
https://dx.doi.org/10.1111/j.1365-2869.2010.00845.x
https://www.ncbi.nlm.nih.gov/pubmed/22915486
https://dx.doi.org/10.1016/S0924-977X(02)00019-6
https://www.cdc.gov/nchs/nhanes/about_nhanes.htm
https://www.actigraphcorp.com/
https://wwwn.cdc.gov/Nchs/Nhanes/2005-2006/RXQ_RX_D.htm
https://wwwn.cdc.gov/Nchs/Nhanes/2005-2006/RXQ_RX_D.htm
https://dx.doi.org/10.1021/ac60214a047


22. Guiñón JL, Ortega E, García-Antón J, Pérez-herranz V. Moving average and Savitzki-Golay smoothing filters
using Mathcad. Presented at: International Conference on Engineering Education; September 3-7, 2007; Coimbra,
Portugal.

23. Rahman SA, Adjeroh DA. Deep learning using convolutional LSTM estimates biological age from physical
activity. Sci Rep. 2019;9(1):11425. doi:10.1038/s41598-019-46850-0

24. Scikit Learn. sklearn.model_selection.StratifiedKFold. Accessed February 1, 2022. https://scikit-learn.org/stable/
modules/generated/sklearn.model_selection.StratifiedKFold.html

25. Cé V, Blu T, Unser M. Generalized Daubechies wavelet families. IEEE Trans Signal Process. 2007;55(9):
4415-4429. doi:10.1109/TSP.2007.896255

26. Shi X, Chen Z, Wang H, Yeung DY, Wong W, Woo W. Convolutional LSTM network: a machine learning approach
for precipitation nowcasting. In: Advances in Neural Information Processing Systems. Vol 28. NeurlPS Proceedings.
Accessed September 3, 2021. https://papers.nips.cc/paper/2015/hash/07563a3fe3bbe7e3ba84431ad9d055af-
Abstract.html

27. Acikmese Y, Alptekin SE. Prediction of stress levels with LSTM and passive mobile sensors. Procedia Comput
Sci. 2019;159:658-667. doi:10.1016/j.procs.2019.09.221

28. Awais M, Raza M, Singh N, et al. LSTM-based emotion detection using physiological signals: IoT framework for
healthcare and distance learning in COVID-19. IEEE Internet Things J. 2020;8(23):16863-16871. doi:10.1109/JIOT.
2020.3044031

29. Cui Z, Chen W, Chen Y. Multi-scale convolutional neural networks for time series classification. arXiv. Preprint
posted online May 11, 2016. Accessed July 22, 2021. https://arxiv.org/abs/1603.06995

30. Zhao B, Lu H, Chen S, Liu J, Wu D. Convolutional neural networks for time series classification. J Syst Eng
Electron. 2017;28(1):162-169. doi:10.21629/JSEE.2017.01.18

31. Lundberg SM, Lee SI. A unified approach to interpreting model predictions. In: Advances in Neural Information
Processing Systems. Vol 30. NeurlPS Proceedings. Accessed September 28, 2021. https://proceedings.neurips.cc/
paper/2017/file/8a20a8621978632d76c43dfd28b67767-Paper.pdf

32. Spitzer RL, Kroenke K, Williams JB; Primary Care Evaluation of Mental Disorders. Validation and utility of a
self-report version of PRIME-MD: the PHQ primary care study. JAMA. 1999;282(18):1737-1744. doi:10.1001/jama.
282.18.1737

33. Scikit Learn. sklearn.impute.IterativeImputer. Accessed January 31, 2022. https://scikit-learn.org/stable/modules/
generated/sklearn.impute.IterativeImputer.html

34. Cordeiro LMS, Rabelo PCR, Moraes MM, et al. Physical exercise–induced fatigue: the role of serotonergic and
dopaminergic systems. Braz J Med Biol Res. 2017;50(12):e6432. doi:10.1590/1414-431x20176432

35. Teixeira-Coelho F, Uendeles-Pinto JP, Serafim AC, Wanner SP, de Matos Coelho M, Soares DD. The paroxetine
effect on exercise performance depends on the aerobic capacity of exercising individuals. J Sports Sci Med. 2014;
13(2):232-243.

36. Carek PJ, Laibstain SE, Carek SM. Exercise for the treatment of depression and anxiety. Int J Psychiatry Med.
2011;41(1):15-28. doi:10.2190/PM.41.1.c

37. Wilson SJ, Nutt DJ. SSRIs and sleep in man. In: Lader M, Cardinali DP, Pandi-Perumal SR, eds. Sleep and Sleep
Disorders: A Neuropsychopharmacological Approach. Springer; 2006:269-273. doi:10.1007/0-387-27682-3_31

SUPPLEMENT.
eTable. Standardized Beta Coefficient Estimates for Both Movement and Depression Score in a General Logistic
Regression Model

JAMA Network Open | Psychiatry Association of SSRI Use With Abnormal Physical Movement Patterns

JAMA Network Open. 2022;5(4):e225403. doi:10.1001/jamanetworkopen.2022.5403 (Reprinted) April 7, 2022 12/12

Downloaded From: https://jamanetwork.com/ by a Dartmouth College User  on 05/26/2022

https://dx.doi.org/10.1038/s41598-019-46850-0
https://scikit-learn.org/stable/modules/generated/sklearn.model_selection.StratifiedKFold.html
https://scikit-learn.org/stable/modules/generated/sklearn.model_selection.StratifiedKFold.html
https://dx.doi.org/10.1109/TSP.2007.896255
https://papers.nips.cc/paper/2015/hash/07563a3fe3bbe7e3ba84431ad9d055af-Abstract.html
https://papers.nips.cc/paper/2015/hash/07563a3fe3bbe7e3ba84431ad9d055af-Abstract.html
https://dx.doi.org/10.1016/j.procs.2019.09.221
https://dx.doi.org/10.1109/JIOT.2020.3044031
https://dx.doi.org/10.1109/JIOT.2020.3044031
https://arxiv.org/abs/1603.06995
https://dx.doi.org/10.21629/JSEE.2017.01.18
https://proceedings.neurips.cc/paper/2017/file/8a20a8621978632d76c43dfd28b67767-Paper.pdf
https://proceedings.neurips.cc/paper/2017/file/8a20a8621978632d76c43dfd28b67767-Paper.pdf
https://jama.jamanetwork.com/article.aspx?doi=10.1001/jama.282.18.1737&utm_campaign=articlePDF%26utm_medium=articlePDFlink%26utm_source=articlePDF%26utm_content=jamanetworkopen.2022.5403
https://jama.jamanetwork.com/article.aspx?doi=10.1001/jama.282.18.1737&utm_campaign=articlePDF%26utm_medium=articlePDFlink%26utm_source=articlePDF%26utm_content=jamanetworkopen.2022.5403
https://scikit-learn.org/stable/modules/generated/sklearn.impute.IterativeImputer.html
https://scikit-learn.org/stable/modules/generated/sklearn.impute.IterativeImputer.html
https://dx.doi.org/10.1590/1414-431x20176432
https://www.ncbi.nlm.nih.gov/pubmed/24790474
https://www.ncbi.nlm.nih.gov/pubmed/24790474
https://dx.doi.org/10.2190/PM.41.1.c
https://dx.doi.org/10.1007/0-387-27682-3_31

