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Abstract
The high prevalence of mental health disor-001
ders highlights the importance of early detec-002
tion. Researchers have demonstrated that mood003
instability is a key characteristic of common004
mental health conditions like depression and005
anxiety. In this study, we investigate the dis-006
tinguishing features, focusing on mood insta-007
bility, between individuals with and without008
mental health disorders on Twitter. We utilised009
an existing dataset, the Twitter Self-reported010
Temporally-contextual Mental Health Diagno-011
sis. Mood features, including fluctuation, ten-012
dency, and episodes, were derived from senti-013
ment analysis over temporal shifts and used in014
predictive analysis. Our result shows a signif-015
icant difference between individuals with and016
without mental health disorders. Particularly,017
higher mood fluctuation is observed across all018
mental health disorders. Further, predictive019
analysis demonstrates a performance of 73% in020
binary classification and 26% in multi-class.021

1 Introduction022

Mood instability, manifesting as fluctuating emo-023

tional states, is one of the key aspects of mental024

health. It is reported in 40–60% of individuals with025

particular mental health disorders (Broome et al.,026

2015). While mood instability becomes a marker027

for mental health disorders, traditional methods028

of assessment can be challenging for early detec-029

tion. Alternatively, previous research showed sig-030

nificant differences in mood markers, derived from031

textual features, between individuals with and with-032

out mental health disorders in social media (Saha033

et al., 2017; Saravia et al., 2016). In this study,034

we aim to investigate the distinguishing features,035

focusing on mood instability, on Twitter to better036

recognise mental health disorders.037

2 Methods038

The research utilised the Twitter Self-reported039

Temporally-contextual Mental Health Diagnosis040

(Twitter-STMHD) (Suhavi et al., 2022). The 041

dataset comprises tweets from 26K users self- 042

disclosing a mental health disorder (condition 043

group) and 8K without such disclosures (control 044

group), spanning 2017-2021. It focuses on de- 045

pression, major-depressive disorder (MDD), post- 046

patrum depression (PPD), post-traumatic stress 047

disorder (PTSD), attention-deficit/hyperactivity 048

disorder (ADHD), obsessive-compulsive disorder 049

(OCD), anxiety disorder, and bipolar disorder. 050

To quantify mood features, we employed sen- 051

timent analysis using Empath (Fast et al., 2016). 052

We define daily mood as the difference between 053

the aggregated mean of positive and negative sen- 054

timents per user per day (x̄i+ − x̄i−). We extracted 055

three types of features per user; (1) mood fluctua- 056

tions (moving standard deviation/MSD): the aver- 057

age standard deviation of k = 2 window of days, 058

(2) mood tendencies (mood ratio): the proportion 059

of days with good/bad mood, (3) episodes of ma- 060

nia and depression (mood streak): the frequency 061

of six-days good/bad mood streaks. We compared 062

the distribution in each condition group with the 063

control group using an independent sample t-test. 064

We further evaluated the features in predictive 065

analysis with 80% hold-out validation, stratified 066

by condition groups. We performed binary clas- 067

sification, combining condition groups into one 068

label (y = 1), and multi-class classification, treat- 069

ing each condition group as separate labels. We 070

employed tuned classifiers including logistic re- 071

gression (LR), naïve bayes (NB), support vector 072

machine (SVM), and random forest (RF). 073

3 Results 074

Table 1 presents the features analysis result. The 075

result shows high mood fluctuation markers in con- 076

dition groups as evidenced by higher average MSD. 077

The result is able to capture a pattern of hypoma- 078

nia/mania in individuals with bipolar, as well as 079

1



PPD MDD OCD PTSD ADHD Bipolar anxiety depression

average MSD *** *** *** *** *** *** *** ***
positive ratio *** *** *** *** *** *** *** ***
negative ratio *** *** *** *** *** *** *** ***
positive streak - - - - ** *** *** *
negative streak - - - * *** *** *** **

Table 1: Statistical significance of mood features feature (*** < 0.001, ** < 0.01, * < 0.05, . < 0.1)

anxiety and depression groups. Additionally, our080

result shows a significant difference in both positive081

and negative tendencies across all condition groups.082

A higher depressive sign (negative streak) is also083

observed among PTSD, ADHD, bipolar, anxiety,084

and general depression groups.085

Binary Multi-class

Model Pr Rc F1 Pr Rc F1

LR 0.76 0.78 0.71 0.17 0.28 0.18
NB 0.65 0.76 0.67 0.15 0.25 0.17
SVM 0.76 0.78 0.71 0.21 0.29 0.20
RF 0.76 0.79 0.73 0.24 0.28 0.26

Table 2: Classification performance

Next, we tested the mood features in classifi-086

cation models. The binary model yields a per-087

formance of 67-73% F1-score (weighted average).088

Meanwhile, multi-class model performs at 17-26%089

F1-score. Overall, RF gives the best performance090

of 73% for binary classification and 26% for multi-091

class classification as seen in Table 2.092

4 Discussion093

From the result, we observed that the overall fea-094

tures show significant differences from those in the095

control group. We also observed that all condi-096

tion groups show higher mood fluctuations, aligned097

with the statement from Broome et al. (2015). In098

addition to that, the condition groups overall can099

be divided into two; higher mood tendency with100

and without differences in mood streak. The first101

one (with) shows characteristics of mood episodes,102

including bipolar, anxiety, and depression. The sec-103

ond one (without) can be explained by two possi-104

bilities: (1) frequent mood-shifting with less dense105

episodes, and (2) less mood-shifting with longer106

exposure to mood episodes. As for higher posi-107

tive tendencies across condition groups, there is a108

possibility that individuals present positive images109

of themselves as a coping mechanism. Further110

sampling may be needed to explore these mood111

patterns.112

The classification model performs well in distin- 113

guishing individuals with at least one mental health 114

disorder. However, the multi-class model tends to 115

classify individuals into PPD and bipolar labels as 116

evidenced by higher false positive values for both 117

labels, causing the performance to drop. Further 118

analysis of these labels may give valuable insights 119

into multi-class classification. Overall, the result 120

extends findings in previous research (Saravia et al., 121

2016), further demonstrating that the features show 122

valuable indicators of mood instability. 123
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