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Abstract
This paper proposes temporally aligned Large Language
Models (LLMs) as a tool for longitudinal analysis of social
media data. We fine-tune Temporal Adapters for Llama 3 8B
on full timelines from a panel of British Twitter users and ex-
tract longitudinal aggregates of emotions and attitudes with
established questionnaires. We focus our analysis on the be-
ginning of the COVID-19 pandemic that had a strong impact
on public opinion and collective emotions. We validate our
estimates against representative British survey data and find
strong positive and significant correlations for several collec-
tive emotions. The estimates obtained are robust across mul-
tiple training seeds and prompt formulations, and in line with
collective emotions extracted using a traditional classification
model trained on labeled data. We demonstrate the flexibility
of our method on questions of public opinion for which no
pre-trained classifier is available. Our work extends the anal-
ysis of affect in LLMs to a longitudinal setting through Tem-
poral Adapters. It enables flexible and new approaches to the
longitudinal analysis of social media data.

1 Introduction
Problem Several recent studies have used Large Language
Models (LLMs) to perform cross-sectional surveys in sil-
ico (e.g., Argyle et al. 2023; Bisbee et al. 2023; Durmus
et al. 2023), modeling human-based survey responses syn-
thetically. Although showing great promise, such prompt-
based in silico surveys have not been aligned well from a
temporal perspective, meaning that LLM training data and
survey fieldwork periods (waves) typically did not meaning-
fully overlap temporally. Independently, many studies have
investigated affect aggregates from social media data, in par-
ticular collective emotions (e.g., Golder and Macy 2011;
Pellert et al. 2022; Metzler et al. 2023). Research on col-
lective emotions is important as it can provide actionable
insights for public health messaging in times of crisis (Lwin
et al. 2020) and on the social resilience of communities (Gar-
cia and Rimé 2019). However, these methods do not scale
well, as they typically rely on expensively curated dictionar-
ies or labeled training data.
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Approach In this paper, we present a novel method for
extracting longitudinal affect aggregates by using Temporal
Adapters fine-tuned on user-generated data from social me-
dia, as illustrated in Figure 1. Adapters allow researchers
to efficiently fine-tune LLMs with data from new contexts
by training only a very small fraction of additional param-
eters while keeping the original model weights frozen. We
base our analysis on a panel of 21,576 British Twitter users
and obtain their full timelines from November 2019 to June
2020. First, we fine-tune Temporal Adapters for Llama 3 8B
on 7-day subsets of the Twitter data. Second, we prompt
the fine-tuned model with multiple established question-
naires (YouGov 2024a,e) and extract longitudinal affect ag-
gregates from token probabilities. We evaluate our results
against survey data collected from a representative sam-
ple of the British adult population and find strong positive
and significant correlations for a subset of collective emo-
tions. A comparison of the results obtained using our method
with a traditional classification model trained on labeled data
shows strong agreement. We demonstrate robustness against
prompt variation with an additional survey instrument con-
structed to measure the same affective phenomena (Clark
and Watson 1994). Experiments with synthetically mixed
data indicate the internal validity of our method. Finally, we
demonstrate that our flexible method can also be used for the
extraction of more complex collective attitudes.

Contribution The main contribution of this work is that it
extends previous approaches to in silico surveys with LLMs
to a longitudinal setting in which survey data and LLM train-
ing data are temporally aligned. Compared to previous meth-
ods that extract affect aggregates from user-generated data,
our approach is not fixed to a specific survey question and
neither relies on expensively curated dictionaries nor on la-
beled data. Instead, our method allows researchers make use
of the wealth of established survey questionnaires to ex-
tract affect aggregates from social media data. We provide
a Python implementation under MIT license alongside our
paper to facilitate replication and future work on extracting
affect aggregates with LLMs.1

1https://github.com/dess-mannheim/temporal-adapters
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Figure 1: Illustration of Temporal Adapters. First, we gather weekly text data from a panel of Twitter users and fine-tune
Temporal Adapters for Llama 3 8B with it. Then, we prompt the fine-tuned model with established survey questions, one week
at a time, and extract affect aggregates from the answer options’ token probabilities. Temporal Adapters enable longitudinal
analyses of affect aggregates from social media data by temporally aligning LLMs.

2 Related Work
2.1 Attitudes, Opinions, and Values in LLMs
Many recent studies have investigated the application of
cross-sectional surveys to LLMs (e.g. Argyle et al. 2023;
Bisbee et al. 2023; Von Der Heyde, Haensch, and Wenz
2023). Researchers typically prompt LLMs with survey
questions from existing questionnaires that were originally
developed to survey human populations (Ma et al. 2024; Ag-
new et al. 2024). This setup assumes that the diverse data on
which LLMs were trained enables them to be viable proxies
for population-level estimates of individual attributes. How-
ever, most research neglects the temporal alignment of train-
ing data and survey data, i.e., the fieldwork periods in which
survey data was collected. We propose Temporal Adapters
fine-tuned on user-generated data with a known date of cre-
ation to enable longitudinal alignment.

Research has shown that openly available, pre-trained
LLMs produce estimates that can be both culturally and
politically biased compared to population-level survey
data (e.g., Motoki, Pinho Neto, and Rodrigues 2023; San-
turkar et al. 2023). Since our method is based on fine-tuning
an existing LLM, we are likely to inherit some of these bi-
ases. Still, by fine-tuning the model on user-generated data,
we have some degree of control over the sampling process of
whose attitudes, opinions, and values the model will learn.

LLMs were found to be sensitive to survey wording (Tju-
atja et al. 2024; Dominguez-Olmedo, Hardt, and Mendler-
Dünner 2023; Röttger et al. 2024), and the particular answer
scoring method (Wang et al. 2024b,a). We prompt each an-
swer option separately to counteract order effects, and we
use an answer prefix to be less dependent on first-token
probabilities. We demonstrate that our approach is robust
with respect to specific prompt wording by extracting col-
lective emotions with multiple survey instruments.

Temporal Adaptation of Language Models Besides sur-
veys, temporal adaptation of language models has been stud-
ied to combat language change over time. Röttger and Pier-
rehumbert (2021) used social media data to temporally adapt
language models to both unlabeled and labeled training data.
They found that, for document classification, temporal adap-
tation does not provide additional benefits to domain adap-
tation. Similarly, Lazaridou et al. (2021) create a dynamic
benchmark to account for changes in language when evalu-
ating the performance of language models, and Amba Hom-
baiah et al. (2021) propose incremental training regimes for
language models. Instead of being concerned with general
language model performance over time, our work focuses on
using Temporal Adapters to extract affect aggregates from
longitudinal social media data.

Simulating Survey Participants with LLMs LLMs used
for surveys are so far either studied as they were pre-trained,
or they are fine-tuned on survey data (Ramezani and Xu
2023; Kim and Lee 2023). With pre-trained models, re-
searchers typically use silicon sampling and prepend a di-
verse set of persona descriptions, often derived from exist-
ing survey data, to the survey question (Argyle et al. 2023;
Sun et al. 2024). A major drawback of silicon sampling is
that it is purely based on a model’s pre-training data, poten-
tially mis-portraying parts of society (Wang, Morgenstern,
and Dickerson 2024). Our method is instead based on incor-
porating data generated by specific users at a specific time
into LLMs that are then used for surveying.

Kim and Lee (2023) added embeddings obtained from
LLMs to a neural network to predict longitudinal changes
in opinions. We instead work directly with a state-of-the-art
LLM, to leverage its general language capabilities, and to
extract affect aggregates using the same survey question that
was asked to human survey participants. Ramezani and Xu
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(2023) trained an LLM on existing survey data and were able
to improve similarity to human survey responses. The train-
ing of Temporal Adapters is independent of existing survey
data and allows us to extract affect aggregates from specific
user-generated text datasets.

2.2 Measuring Affect in Surveys
With our approach, we extract affect aggregates from user-
generated social media data. Our setup does not prescribe
which exact survey question we use, flexibly allowing us to
choose which construct specifically we want to study. In so-
cial psychology and sociology, affect is used as the most
general term that encompasses phenomena such as emo-
tions and moods (Mohiyeddini and Bauer 2013; Rogers and
Robinson 2014). Emotions are typically more specific and
short-lived, lasting between minutes and days, while moods
describe phenomena that are more diffuse and last between
hours and weeks (Oatley and Johnson-Laird 2014), but the
temporal distinction is not completely clear.

Felt Emotions and Reactivity Researchers generally
distinguish between felt and expressed emotions or
moods (Rogers and Robinson 2014). Neither surveys nor so-
cial media data can directly tap into internal, felt emotions,
so we focus only on expressed emotions in this paper. Survey
measures of affect are further influenced by recall bias and
reactivity due to their retrospective nature. Reactivity refers
to the fact that ‘the very knowledge that one is being ob-
served can alter emotional experience’ (Rogers and Robin-
son 2014, p. 286). Survey participants may also be more or
less willing to report different emotions. Affect is an inher-
ently social phenomenon and is central to interpersonal com-
munication (Lively and Weed 2016), so social media plat-
forms might intuitively seem like a suitable source of found
data containing expressed emotions. In contrast to surveys,
posting on social media can be more immediate and less dis-
tant from the affective experience itself. Working with found
data is also considerably cheaper than surveying. Disadvan-
tages include that people on social media may behave vis-a-
vis an audience, creating a source of performative bias.

2.3 Social Media Affect Macroscopes
Text data generated by users on social media has been used
to study election outcomes (Gayo-Avello 2013) and con-
sumer confidence (Pasek et al. 2018), with challenging re-
sults. One of the most common applications is the extrac-
tion of emotion macroscopes (Golder and Macy 2011; Gar-
cia et al. 2021; Pellert et al. 2022), in particular in response
to catastrophic events (Garcia and Rimé 2019; Jones and Sil-
ver 2020) such as the beginning of the COVID-19 pandemic
in 2020 (e.g., Valdez et al. 2020; Lwin et al. 2020; Ashokku-
mar and Pennebaker 2021; Metzler et al. 2023). Collectively
experienced emotions can be of different quality, magnitude,
and duration than individual emotions (Goldenberg et al.
2020) and research on collective emotions can provide ac-
tionable insights for public health messaging in times of cri-
sis (Lwin et al. 2020) and on the social resilience of commu-
nities (Garcia and Rimé 2019). These methods are based on
expensively created dictionaries or on models trained with

labeled data (e.g., Mohammad et al. 2018), which are then
typically used to detect positive/negative sentiment or indi-
vidual emotions. Similar to our setup, estimates are aggre-
gated for specific groups, or on a population level. In con-
trast to such earlier approaches, our method scales well by
not relying on labeled training data or on expensively cre-
ated dictionaries and can be flexibly applied to any survey
question.

Sampling Biases and Performative Behavior As men-
tioned above, social media data can suffer from sampling
biases and consequences of performative behavior of users
due to platform effects and community norms (Sen et al.
2021). Estimates obtained from social media samples often
do not generalize to a target population due to differences in
internet penetration and platform use (Amaya et al. 2020).
In addition, behavioral differences between groups lead to
representation biases (Olteanu et al. 2019). In other words,
different groups are more or less inclined to express emo-
tions or attitudes on social media. However, previous studies
found strong positive and robust correlations between col-
lective emotions extracted from social media and survey re-
sponses at the population level (Garcia et al. 2021; Pellert
et al. 2022). We extend this research by introducing an ex-
traction method that is more flexible by extracting constructs
directly through prompting LLMs with survey questions.

Neither self-reported affect in surveys nor emotions ex-
tracted from user-generated social media data are by them-
selves perfectly accurate estimates. Since attitudes have a
strong affective component (Bergman 1998), attitudes suf-
fer from similar biases in both survey data and social me-
dia data. Our method, LLMs with Temporal Adapters, en-
ables the flexible application of inference questions from the
extensive, well-crafted collection of survey instruments for
the extraction of longitudinal affect aggregates from social
media data. Comparing population-level estimates obtained
from both surveys and social media data will help us estab-
lish a more robust understanding of affective phenomena.

3 Longitudinal Datasets

We extract affect aggregates from Twitter panel data for
Great Britain, covering 35 weeks from November 2019 to
June 2020. This time frame includes both New Year 2020
and the first UK COVID-19 lockdown on March 23rd, 2020.
It allows us to investigate both seasonal patterns and a catas-
trophic event that had a large impact on emotions and atti-
tudes, as identified in previous research. We decided against
a larger time frame because of the large amount of com-
putational resources required to fine-tune our model. The
selected time frame follows previous research on extract-
ing collective emotions from social media data during the
COVID-19 pandemic (e.g., Metzler et al. 2023), but we
would also like to emphasize the uniqueness of the situa-
tion. Substantive results such as cross-correlations between
individual emotions might not generalize to other points in
time, but drastically changing emotions offer a unique op-
portunity for our methodological research.
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3.1 Twitter Panel Data
We create a panel of in total 21,576 Twitter users (13.6 mil-
lion tweets) with the following method: We use the com-
mercial service Brandwatch to sample 10,000 tweets per
day from accounts in Great Britain between the beginning
of 2019 and March 2023. Brandwatch determines the loca-
tion of users based on profile information and geo-tagged
data (Brandwatch 2020b). Next, we identify individual users
in that sample and remove accounts that were classified as
organizations, as well as accounts with too low or too high
activity levels. We select the same number of users classi-
fied by Brandwatch as ‘female’ and ‘male’, based on self-
reported profile information (Brandwatch 2020a). We re-
trieve their full timelines of tweets, including retweets and
replies back to the beginning of 2019. On average, for the 35
weeks from November 2019 to June 2020, we have 385,000
tweets per week available.

3.2 Questionnaires and Survey Data
We extract affect aggregates by querying an LLM with ex-
isting survey questionnaires and compare our results to pub-
licly available survey data that was collected using the same
questions. The survey data was collected from a British on-
line panel with a target population of all British adults aged
18+ (YouGov 2024d). The panel provider uses active sam-
pling and post-survey adjustment weights based on age, gen-
der, social class, region, and level of education.

Britain’s Mood, Measured Weekly To extract collec-
tive emotions, we use the question developed by YouGov
(2024a):

Broadly speaking, which of the following best de-
scribe your mood and/or how you have felt in the past
week?

This question uses a multicode answer scale, that is, multi-
ple of the following answer options can be selected: ‘happy’,
‘sad’, ‘energetic’, ‘apathetic’, ‘inspired’, ‘frustrated’, ‘opti-
mistic’, ‘stressed’, ‘content’, ‘bored’, ‘lonely’, and ‘scared’.
We assess our results by comparing them with aggregate sur-
vey data gathered from the aforementioned British panel on
the same question. Survey data is available in weekly waves
as aggregates over 1890 to 2081 participants per wave.

PANAS-X We further investigate collective emotions us-
ing the extended version of the Positive and Negative Af-
fect Schedule (PANAS-X) developed by Clark and Watson
(1994). This survey instrument asks participants to indicate
to what extent they feel they have felt like a series of care-
fully compiled adjectives. It comes with a series of time in-
structions, ranging from how participants feel in the moment
to in general. The instrument has been validated for state af-
fect, i.e., short-term fluctuations in mood, as well (Clark and
Watson 1994). We create a prompt based on the ‘week’ in-
struction, to measure emotions in the same time frame as in
YouGov’s wording, as follows:

To what extent have you felt [adjective] during the
past week?

We focus on two emotions included in both the PANAS-X
and in YouGov’s survey data, scared and sad. The answer
options are ‘very slightly or not at all’, ‘a little’, ‘moder-
ately’, ‘quite a bit’, and ‘extremely’, to be answered for each
adjective—in contrast to YouGov’s answer options, which
are directly multiple choice among emotions. We extract the
answer probabilities for each adjective and each answer op-
tion, and combine all of them into a single score for each
emotion, according to the instructions provided by Clark and
Watson (1994). We compare our results with survey data col-
lected by YouGov in Britain’s Mood, Measured Weekly for
the respective emotions.

Collective Public Opinion Beyond Emotions In addi-
tion to collective emotions, we include 3 public opinion
questions into our analysis to demonstrate the flexibility of
our approach. We select these questions based on available
YouGov data for evaluation and based on their relevance to
the beginning of the COVID-19 pandemic. We extract col-
lective attitudes towards the National Health Service (NHS)
with the following question (YouGov 2024e):

Do you expect the National Health Service to get bet-
ter, worse or stay the same over the next few years?

We spell out the abbreviation ‘NHS’ since we query for this
survey question without additional context. We further ex-
tract public attitudes towards Boris Johnson as a Prime Min-
ister with the following question (YouGov 2024c):

Do you think that Boris Johnson is doing well or
badly as Prime Minister?

And we evaluate public approval of the UK government with
the following question (YouGov 2024b):

Do you approve or disapprove of the Government’s
record to date?

We include all the respective answer options in our analysis
and compare our results with the survey data by YouGov for
the respective question. Survey data is available in monthly
waves for attitudes towards the NHS and towards Boris
Johnson, and in weekly waves for Government Approval,
with varying survey dates and varying numbers of partici-
pants.

4 Temporal Adapters for LLMs
Figure 1 provides an overview of our proposed setup, com-
prising two separate steps: First, we fine-tune Temporal
Adapters for Llama 3 8B on the Twitter panel data described
in the previous section. Second, we prompt the model with
one of the selected survey questions and one weekly adapter
activated at a time. We extract token probabilities for each
answer option across all weeks, which we combine into lon-
gitudinal macroscopes of emotions and attitudes.

To validate our results, we cross-correlate them with
the respective survey data. We also include results from
a BERT-based emotion detection model trained on labeled
data (Camacho-Collados et al. 2022) for comparison. Fi-
nally, we conduct experiments on synthetically mixed, la-
beled data to demonstrate the internal validity of our attitude
extraction method.
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4.1 Temporal Adapter Fine-Tuning
Following the wording of YouGov’s Britain’s Mood, Mea-
sured Weekly, we split our social media panel data into
weekly subsets, containing seven days of text data leading
up to the next YouGov survey wave. We obtain on aver-
age 385,000 tweets per training set, but the amount varies
seasonally and around major events like the UK COVID-19
lockdown. We concatenate each training set into sequences
of 512 tokens to facilitate batch training.

We select the base pretrained version (i.e., not instruc-
tion tuned) of a high-performing and openly available
model, Llama 3 8B (AI@Meta 2024), to fine-tune the
model with plain text data. Preliminary experiments with a
smaller pre-trained language model—RoBERTa-large (Liu
et al. 2019)—have shown inferior performance compared
to Llama 3 8B, as discussed in the Appendix Section B.
We fine-tune Temporal Adapters with the causal language
modeling objective, i.e. predicting next tokens, as shown
in Figure 2. We emphasize that the training procedure is
completely independent of any survey data and only con-
siders the word tokens that occur in the text data that we
obtain from our Twitter panel. In other words, our Temporal
Adapters fine-tune the LLM to more closely follow the to-
ken probabilities present in the tweets of a given week. We
only consider survey data for evaluation, after the training
has been completed. Our method aims to fit the LLM to a
specific week’s tweets, but the evaluation can only be per-
formed across weeks after the training of all weeks has been
completed. We therefore opt to not have a test set of tweets
in each week, as it would not prevent us from overfitting to
tweets from a specific week.

Adapters are a parameter-efficient approach to fine-tuning
LLMs that allows researchers to easily swap model proper-
ties (Pfeiffer et al. 2023). All types of adapters typically add
a very small fraction of additional parameters to a language
model with the goal to only train these parameters while
keeping the original model weights frozen. This drastically
improves training efficiency with little to no loss in training
performance, as only relevant parts of the a model can be
targeted during training. Although many specific implemen-
tations of adapters have been proposed, LoRA adapters (Hu
et al. 2021) have evolved to be one of the most popular
types. They add rank decomposition matrices to each layer
of the transformer architecture. We train LoRA adapters of
rank 128 as a compromise between fine-tuning efficiency
and training quality. This is twice the number of parameters
that the authors of the original LoRA paper considered nec-
essary (Hu et al. 2021), but still only 0.67% of the weights
that would be trained when the model was fully fine-tuned.

We conduct a partial hyperparameter search by training
adapters with different learning rates, and for up to 8 epochs.
We find that fine-tuning adapters works best for our purposes
with a small learning rate of 5 ∗ 10−6 and at most 1 training
epoch. Training loss is mostly stable after 0.5 epochs at an
average of 3.4 across all adapters. In a preliminary exper-
iment with a higher learning rate of 10−4, the training loss
decreased to around 2.6 after 8 training epochs but the cross-
correlations of the attitudes we extracted with survey data
were much lower. This is most likely due to the model over-

Figure 2: Temporal Adapter Fine-Tuning. We concate-
nate each week’s tweets into chunks for batch-based fine-
tuning. While fine-tuning each week’s parameter-efficient
LoRA (Hu et al. 2021) adapter, the original model weights
are kept frozen. Fine-Tuning is performed with the causal
language modeling task, i.e., next-token prediction on the
original tweets, independent of any survey data.

fitting on the training data (tweets), which is quite different
from the survey questions we prompt at inference time. We
show performance of our method for varying LLM temper-
atures in Appendix Figure 16, and report the results in the
main paper for the default Llama 3 temperature if 0.6. We
train adapters with 3 different training seeds for each week
to better understand the reliability of our training method.
We used bfloat16 and the adamw torch fused opti-
mizer with a batch size of 6 and 4 gradient accumulation
steps. The training was conducted on two NVIDIA H100
GPUs in Distributed-Data-Parallel mode and takes approxi-
mately 20 minutes per adapter.

4.2 Extracting Survey Answers
Once we have finished adapter training, we focus on model
inference and extract answers to survey questions as follows.
We first concatenate a survey question with each of its n an-
swer options, obtaining n separate prompts. We experiment
with an optional answer prefix that is built for the particular
survey question. For instance, for Britain’s Mood, Measured
Weekly, we add the optional answer prefix ‘I felt’ which is
followed by the answer options ‘happy’, ‘sad’ etc. This is
to accommodate the fact that first-token probabilities can
be unreliable for scoring survey answers from LLMs (Wang
et al. 2024b). We prompt each answer option separately and
without additional labels, as previous research has shown
order effects and the tendency of LLMs to prefer certain an-
swer labels (Tjuatja et al. 2024; Dominguez-Olmedo, Hardt,
and Mendler-Dünner 2023; Wang et al. 2024b).

We then extract answers from the token probabilities of
the LLM as follows. Based on a survey answer scoring
method used in previous research (Wu et al. 2024; Naous
et al. 2024), we perform a single forward pass of the concate-
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nated question, the optional answer prefix and the answer
option through the LLM. We gather the token probabilities
from the last LLM layer for each token in the answer option
after applying softmax. If an answer option consists of mul-
tiple tokens, we multiply their probabilities. Our extraction
method is deterministic, i.e., if the weights and temperature
of an LLM are kept constant, so will be the answer proba-
bilities we extract. Unless otherwise noted, we report results
for temperature 0.6, i.e., the Llama 3 default.

We perform survey answer extraction with each weekly
adapter activated separately in the LLM and for each of the
3 seeds. Since swapping adapters and inference is computa-
tionally inexpensive, we extract survey answers after train-
ing each adapter for 1 epoch, as well as after every 50 steps
of training. We obtain a time series for each combination of
question, answer options, and set of inference hyperparame-
ters. YouGov presents weekly estimates using a smoothed
trend line to reduce random fluctuations due to sampling
variability. We follow this approach and apply a 3 week
rolling average. For plotting time series, we apply min-max
normalization and show the mean probability for each ex-
tracted survey answer across all 3 seeds.

4.3 Evaluation with Empirical Survey Data
Cross-Correlating Survey Data We evaluate our longi-
tudinal macroscopes of emotions and attitudes by cross-
correlating them with the respective survey data using Pear-
son’s correlation coefficient. YouGov publishes weekly sur-
vey results on Britain’s Mood, which results in 35 data
points in our observation period that we can use to com-
pute cross-correlation. Results on British attitude towards
the NHS and towards Boris Johnson as a Prime Minister are
only published monthly, i.e., we are left with 9 relevant data
points.

We perform permutation tests with 10.000 permutations,
by shuffling the dates associated with each estimate we ob-
tain from a specific Temporal Adapter, while keeping the
survey data intact. This provides us with significance values
for our cross-correlations and indicates for which estimates
the longitudinal effect matters. In other words, significant
results indicate that there are changes in the prevalence of
an emotion/attitude over time and that we can successfully
track these changes. Constant values or random noise in our
estimates and the respective survey data would very unlikely
produce significant results.

Baseline Comparison Model We compare our results to
emotion aggregates from a BERT-based model for emo-
tion detection, TweetNLP (Camacho-Collados et al. 2022).
This baseline model will help us differentiate between is-
sues in our training data, e.g., coverage error, or differences
in expression of emotion, and measurement error specific
to our research setup. TweetNLP was pre-trained on the
tweet eval dataset that consists of tweets labeled with
11 emotions (Mohammad et al. 2018). The model achieves
a macro F1 score of 0.72 on the tweet eval test set.
We classify each tweet in our weekly training datasets sep-
arately and calculate the share of every emotion in each
week. Being pre-trained on Twitter data makes TweetNLP

particularly suited as a baseline model for our setup. How-
ever, only four of the emotions classified by TweetNLP
match the emotions included in Britain’s Mood, Measured
Weekly: ‘fear’/‘scared’, ‘sadness’/‘sad’, ‘joy’/‘happy’, and
‘optimism’/‘optimistic’. This highlights the main issue of
previous approaches that use classifiers like TweetNLP:
They require expensively labeled training data or hand-
crafted dictionaries. Our method, on the contrary, does not
require predefining a construct to be measured but can be
flexibly applied to any survey question. We again cross-
correlate the results obtained from TweetNLP with the sur-
vey data and perform a permutation test.

4.4 Synthetically Mixed Data
To explore the internal validity of our emotion macroscopes,
we perform additional experiments with synthetically mixed
data that is labeled as ‘happy’ or ‘sad’. With this setup, we
can investigate whether a different prevalence of emotion
signals corresponds to different affect aggregates obtained
from our method. We hypothesize a linear relationship be-
tween the amount of ‘sad’ tweets in the training data and
the token probability for ‘sad’ as an answer option, and vice
versa for ‘happy’. There are 1163 tweets labeled ‘happy’ and
1326 tweets labeled ‘sad’ in the tweet eval dataset. From
these tweets, we select 1163 using 11 splits: 100% happy +
0% sad, 90% happy + 10% sad,... and 0% happy + 100% sad.
We then train adapters on each of these splits using the same
hyperparameters as described above. We repeat the splitting
and training procedure using 10 random seeds to improve ro-
bustness. Since the synthetically mixed training datasets are
much smaller than our weekly Twitter datasets, the number
of training steps/epochs is not directly comparable.

5 Results
Extracted Emotions Highly Correlate with Survey Data
Figure 3 shows time series for two collective emotions,
scared and happy, that we extract using weekly Temporal
Adapters. We use the original survey question developed
by YouGov (2024a) and compare our results with nation-
ally representative survey data. We limit the training steps so
that we have the same amount of training data across weeks.
The plot shows the mean answer probability across 3 train-
ing seeds, with minimum and maximum probabilities, after
applying a rolling average of 3 weeks and after min-max
normalizing the time series. Time series for other emotions
are provided in Figures 8 and 9 in the Appendix.

In general, we observe similar trends between our es-
timates of collective emotion and the survey data. Scared
spikes on the March 23rd, 2020, when the first UK lockdown
in response to the COVID-19 pandemic was announced.2
Another increase can be seen in our estimate of collective
fear around June 1st 2020, at a time when lockdown re-
strictions were partially lifted.3 Fear also increases around

2https://www.theguardian.com/world/2020/mar/23/boris-
johnson-orders-uk-lockdown-to-be-enforced-by-police, Accessed
Sept 8th, 2024

3for England, see for instance https://www.legislation.gov.uk/u
ksi/2020/558/made, Accessed Sept 8th, 2024
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Figure 3: Affect Aggregates Extracted from Temporal Adapters. We extract answer probabilities by prompting a weekly
fine-tuned Llama 3 8B with the same question wording as in the survey (YouGov 2024a), and compare them to the respective
weekly survey data, as well as to a model that classifies selected emotions in Tweets directly (TweetNLP). The time series are
min-max normalized and a 3 week rolling average is applied. The shaded orange area indicates minimum and maximum LLM
answer probabilities across 3 training seeds. Our results descriptively show in the plot a similar trend of our estimate and the
survey data and we find strong positive and significant (p<0.01) cross-correlation between LLM probabilities and the survey
data. Additional time series are provided in Figures 8, 9, and 10 in the Appendix.

Christmas 2019. The survey data similarly indicates the
highest level of collective fear around the announcement of
the lockdown and a small increase around Christmas, but
the second spike around June 1st, 2020 is not observed in
the survey. This is likely due to sampling errors in the so-
cial media data, i.e., more concerned people being active on
Twitter, or due to differences in the expression of emotions
on social media and in surveys. TweetNLP shows the same
second spike in 2020 when used to classify the same training
data, as shown in Figure 3.

For collective happiness, we similarly extract estimates
with good face validity. Happiness decreases rapidly in the
two weeks before the nationwide lockdown was announced
and recovers after another two weeks, presumably when
people acclimatized to the new situation. This follows the
trend that we observe in the survey data. Similar to what
we have observed for ‘scared’, our estimate deviates from
survey data around June 1st 2020, when restrictions were
partially lifted. TweetNLP extracts the lowest happiness af-
ter June 1st. Our method, instead, more closely tracks the
YouGov survey data and identifies the lowest happiness
around March 23rd. It should be addressed that we observe
larger confidence intervals across 3 training seeds, and larger
week-by-week fluctuation for ‘happy’ compared to ‘scared’.
One possible explanation for this would be that there is
less information about happiness in our training data, which
would lead to less influence on the fine-tuned adapters, and
thus result in larger confidence intervals after min-max scal-
ing. Another explanation could be that the information on
happiness is less evenly distributed in our training data. We
sample an equal amount of text for each week and randomly
shuffle the training data, so a skewed distribution of informa-
tion about happiness would increase the relevance of differ-
ent training seeds. Third, ‘happy’ could be a more difficult to

learn concept for LLMs, potentially because it is expressed
with more diverse language than ‘scared’, leading to more
error surrounding the concept in our outcome estimate.

We calculate cross-correlations (Pearson) between the
longitudinal data we extract and the respective survey
data, and perform a significance test with 10, 000 permu-
tations. Figure 4 shows the results for all emotions found in
Britain’s Mood, Measured Weekly across 3 training seeds,
as well as the cross-correlation for our baseline method,
TweetNLP (Camacho-Collados et al. 2022). We observe
three groups of emotions: (i) emotions that show a strong
positive and significant correlation, (ii) emotions that are
weakly positively or negatively correlated, and (iii) opti-
mistic, which is strongly negatively correlated. In the first
group, we find both positively and negatively connoted emo-
tions, and in particular affective phenomena that are some-
times referred to as being part of a set of basic emotions:
‘happiness’, ‘fear’, and ‘sadness’ (Ekman 1992). Signifi-
cance levels obtained from a permutation test indicates that
there are non-random changes in the emotions over time
and that we can successfully track these changes. For col-
lective emotions where an estimate can be extracted from
TweetNLP, i.e., where labeled training data was available,
we find that our method produces comparable, yet slightly
worse results. We did not expect to outperform TweetNLP as
it classifies individual tweets, while the Temporal Adapters
in our setup have to aggregate information from many tweets
first, before survey answers are predicted. However, we do
obtain strong positive, significant correlations for emotions
for which no TweetNLP estimate is available: ‘frustrated’,
‘bored’, and ‘energetic’. This flexibility of our approach is
a major benefit over existing methods such as TweetNLP
and is further highlighted in the additional results reported
below. For group (ii), emotions with weak positive/negative
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Figure 4: Several Extracted Emotions Highly Corre-
late with Survey Data. We cross-correlate the answers
we extract from Llama 3 with the respective British sur-
vey data (YouGov 2024a). Across 3 training seeds, we
show minimum and maximum correlation with error bars
and indicate the worst p value (*p<0.05,**p<0.01,***p<
0.001). Our results vary strongly between emotions, but
they are in line with TweetNLP’s estimates. As opposed to
TweetNLP, our method can be flexibly applied to extract any
emotion as it does not require labeled training data.

correlations, it remains unclear why these collective emo-
tions are hard to estimate from the data that we have avail-
able. One possible explanation might be that, in contrast to
the affective phenomena found in group (i), group (ii) con-
tains more phenomena that clearly fall under ‘mood’ rather
than ‘emotion’, i.e., they are more diffuse and longer lived,
which might contradict typical social media behavior. Fi-
nally, we find a significant strong negative cross-correlation
for ‘optimistic’, both for our estimate and for the baseline
model. This points to general differences in the expression
of these emotions between surveys and social media.

For some collective emotions, we observe variable perfor-
mance across time, i.e., our estimates obtained from Tem-
poral Adapters closely track the YouGov survey data only
for a certain time period. To address this issue, we addi-
tionally calculate squared errors between our estimates and
the YouGov survey data, and report summary statistics of
these squared errors in Table 1. In general, we observe
that strong positive cross-correlation for collective emotions

such as frustrated, bored, or scared coincides with low mean
squared errors and low standard deviations of these squared
errors.

Experiments with Synthetically Mixed Data We create
synthetically mixed training data from the tweet eval
dataset (Mohammad et al. 2018) in 11 splits ranging from
100% sad to 100% happy. We then prompt the model with
the same question as used in Britain’s Mood, Measured
Weekly and extract answer probabilities for the answer op-
tions ‘happy’ and ‘sad’. We hypothesize a positive linear
correlation between the share of ‘happy’ tweets in the train-
ing data and the probability for answer option ‘happy’, and
vice versa for ‘sad’. Figure 5 shows the mean and standard
deviation of extracted answers across 10 training seeds. We
find strong positive correlations for both answer options,
which supports the internal validity of our method—more
‘happy’ tweets actually lead to a higher answer probability
for ‘happy’ and vice versa for ‘sad’. For both emotions, the
relationship between the training data and the extracted an-
swer is surprisingly linear. Our answer scoring method does
not ensure that the probabilities across all answer options
add up to 1, since we apply softmax on the last layer of the
LLM, and each answer probability depends on the probabil-
ities of all other tokens in the vocabulary. The error bands
indicate substantial random errors resulting from training
and underscore the importance of evaluating results obtained
from multiple seeds.

In preliminary experiments, we investigated different hy-
perparameters for model training and for the extraction of
affect aggregates, see Figure 17 in the Appendix. We inves-
tigated cross-correlations after different numbers of training
steps and epochs and found little benefit in fine-tuning the
model for more than 1 epoch. While longer fine-tuning fur-

mean SE median SE SE std. dev.
frustrated 0.0414 0.0185 0.0507
scared 0.0509 0.0108 0.0872
bored 0.0387 0.0141 0.0586
sad 0.0502 0.0186 0.0666
energetic 0.0819 0.0531 0.0848
happy 0.0780 0.0482 0.0763
lonely 0.1229 0.0908 0.1256
inspired 0.1365 0.0737 0.1628
stressed 0.2284 0.0905 0.2865
content 0.1899 0.0806 0.2179
don’t know 0.1637 0.1439 0.1365
apathetic 0.2171 0.0987 0.2286
other 0.3119 0.3021 0.2347
optimistic 0.3595 0.3598 0.2565

Table 1: Means and Standard Deviations in Squared Er-
rors (SE). We individually min-max-normalize each time
series—survey data and Llama 3 estimates from 3 training
seeds—before we calculate squared errors between the same
points in time in the YouGov survey data and the Llama 3 es-
timates. We find that strong positive cross-correlation shown
in Figure 4 coincides with low mean squared error.
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Figure 5: Internal Validity Demonstrated in Experiments
with Synthetically Mixed Data. We synthetically mix LLM
training data with splits ranging from data that is labeled
100% sad to 100% happy. We then extract answers to
YouGov (2024a)’s survey question at each split, and show
mean and standard deviation over 10 training seeds. The re-
sults support the internal validity of our extraction method,
by showing a surprisingly linear relationship between train-
ing data ratio and extracted estimate, but also random train-
ing error.

ther improves training loss in the causal language modeling
objective, the highest cross-correlations with survey data are
observed relatively early on. This is likely due to the lan-
guage model overfitting on the training data, which itself is
quite different from the questions that we use for answer ex-
traction. Similarly for learning rates, we found that smaller
learning rates generally perform better, as long as loss is
not constant. We find 5 ∗ 10−6 to work best on our data.
Finally, we found that training all adapters with the same
amount of training data generally works better than training
all adapters for 1 epoch on all the data available in this week.
In other words, we extracted the answers for all figures pre-
sented previously in this section after training each adapter
for 350 steps instead of 1 epoch.

For answer extraction, we investigated the effect of tem-
perature and whether or not an answer prefix was attached to
the answer options. A lower temperature leads to less evenly
distributed token probabilities, similar to ‘enhancing con-
trast’. We found that this is beneficial when extracted atti-
tudes have low noise, but that it can also increase random
fluctuation. We also found that lower temperatures tend to
overemphasize some answer options. Finally, adding an an-
swer prefix leads to more consistent results. This is in line
with previous findings on first-token probabilities (Wang
et al. 2024b) and is likely related to LLMs being trained to
create text rather than to answer surveys with only an answer
option.

Robustness Across Survey Instruments We implement
two additional survey questions in addition to the one used
in Britain’s Mood, Measured Weekly. First, we demonstrate
the robustness of our extraction method and extract the
collective emotions scared and sad using the PANAS-X
survey instrument. The instrument works quite differently

(a) Britain’s Mood: Scared

(b) Britain’s Mood: Sad

Figure 6: Robustness across multiple survey instruments.
We extract the same collective emotions by querying Llama
3 with an additional survey instrument (PANAS-X: Clark
and Watson 1994) and cross-correlate our results with the
respective YouGov survey data. Across 3 training seeds, we
indicate minimum and maximum correlation with error bars
and show the worst p value (**p<0.01,***p<0.001). For
time series, see Figure 11 in the Appendix.

from YouGov’s questionnaire in that it measures each emo-
tion with multiple adjectives, with the same answer options
for each adjective: ‘very slightly or not at all’, ‘a little’,
etc. Again, we cross-correlate the extracted collective emo-
tions with the YouGov survey data—Figure 6 shows the re-
sults from 3 training seeds across the different extraction
methods. We find that both scared and sad achieve cross-
correlations comparable to those we extracted with the orig-
inal YouGov question wording. This supports the robustness
of our extraction method across prompt formulations, i.e.,
survey instruments, when measuring the same construct.

Application to Attitude Aggregates Second, we go be-
yond measuring collective emotions and test a question that
measures affective stance towards the National Health Ser-
vice (NHS), towards Boris Johnson as a Prime Minister, and
towards the UK Government in general. YouGov runs most
of its ‘trackers’ only in monthly waves, including on the at-
titude towards the NHS and towards Boris Johnson. This
means that during the time period that we study, we only
have 9 data points available. This shows the benefits of ex-
tracting attitudes from social media data, an approach that
is orders of magnitude cheaper as well as of higher tempo-
ral resolution than traditional surveys. Figure 7 shows the
cross-correlation of the answer options for the 9 available
data points between our estimates and the survey data—for
time series, see Figures 12, 13, and 14 in the Appendix. We
find a strong positive cross-correlation between our estimate
of government disapproval and the YouGov survey data. We
also find moderate positive correlations for attitudes towards
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(a) The NHS will. . . (b) Boris Johnson is. . . (c) Government Approval

Figure 7: Successful Application to Additional Questions of Public Opinion Beyond Collective Emotions. We extract
collective attitudes towards the National Health Service (NHS), Boris Johnson as a Prime Minister, and the UK Government
using survey questions developed by YouGov (2024e,c,b). We then cross-correlate our results with the respective YouGov
survey data. Across 3 training seeds, we indicate minimum and maximum correlation with error bars and show the worst p
value (*p<0.05,***p<0.001). For time series, see Figures 12, 13, and 14 in the Appendix. Our method can be used to extract
collective answers to various issues of public opinion beyond collective emotions, as opposed to existing methods (such as
TweetNLP), which have to be individually trained for specific questions.

the NHS and towards Boris Johnson as a Prime Minister,
given that we only have 9 data points available for eval-
uation. Existing NLP methods with pre-trained classifiers
(such as TweetNLP) or dictionaries are always only suitable
for extracting few, selected affect aggregates. This highlights
a main benefit of our method compared to existing NLP
methods, as it can be flexibly applied to answer any survey
question without the need to re-train the Temporal Adapters.

6 Discussion
Contribution This paper expands the inventory of meth-
ods for affect analysis available to our research community.
We present a novel method for extracting longitudinal affect
aggregates by using Temporal Adapters fine-tuned on user-
generated data from social media. Our main focus lies on
studying collective emotions in times of crisis, in particu-
lar, during the COVID-19 pandemic. Research on collective
emotions has been shown to provide actionable insight for
public health messaging and to study the social resilience of
communities. We extend methods that have been previously
used in this research area by proposing to extract survey re-
sponses with Temporal Adapters, rather than annotating and
training specialized classification models. The main bene-
fit of our approach is that it can be flexibly used with any
survey question. This allows researchers to make use of the
wealth of established survey questionnaires to extract affect
aggregates from social media data, potentially from people
who are inaccessible to traditional survey research. Ideally,
such endeavors would use social media data from a clearly
defined sample of users that represent the target population
of a study. In the future, our method could allow for more
timely estimates of affect aggregates and of public opinion,
both within times of crisis and beyond that.

Our work closes a temporal misalignment gap in previous
surveys with LLMs by proposing Temporal Adapters that
are trained on longitudinal social media data. To the best of
our knowledge, our paper is the first to extend the analysis
of affect in LLMs to this longitudinal setting. Our approach

creates novel ways to study affect aggregates in social media
data longitudinally. More broadly, they may also enable fu-
ture, more temporally aligned LLM-based studies of human
attitudes, values, and opinions.

Limitations Our method focuses on the extraction of sep-
arate time series data, rather than comparing the prevalence
of emotions or attitudes cross-sectionally. Our motivation
behind that is that the relative probabilities of answer op-
tions in a cross-sectional sense solely depend on LLM pre-
training. Future research should combine these, so far rather
disparate, approaches by correcting for differences that stem
from model pre-training. The results we present were ob-
tained by training weekly Temporal Adapters, following ex-
actly the intervals in which the respective survey waves
were conducted. This enables comparability between our es-
timates and survey data, but even higher temporal resolu-
tion than usually used in surveys, a potential benefit of us-
ing social media data, should be investigated in future re-
search. In contexts where survey data is available, survey
data could in the future be used as a prior for predicting af-
fect aggregates with higher temporal resolution from social
media data, i.e. filling the gaps in between waves. At the
same, our method also offers a lot of potential in contexts in
which no (recent) survey data is available, for diverse rea-
sons such as lack of infrastructure, an ongoing violent con-
flict, or similar factors leading to extreme nonresponse. Like
any other attitude extraction method, our approach requires
validation in novel contexts, with possible design decisions
ranging from model training hyperparameters and data sets
used to the exact question wording and the answer extrac-
tion method. Application to additional contexts and points
in time is particularly important since we base our analysis
on data collected during the unique situation of the COVID-
19 pandemic. Future research should further investigate the
applicability of this method to subgroup analysis, and in par-
ticular to whether affect aggregates can be extracted with
the same performance for different sub-populations, even if
sampling error is overcome.
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Ethical Statement
YouGov pays its panel members adequately for their par-
ticipation in surveys and is a member of several market re-
search organizations (British Polling Council, ESOMAR,
MRS) whose standards it adheres to (YouGov 2024d). We
work with social media data that was publicly available at
the time that we gathered it. We do not publish raw text
data, or the Temporal Adapters that we trained, to protect the
privacy of the individuals whose tweets are included in our
training data. However, we publish the code that is needed to
replicate our results under MIT license to support future re-
search. Our method relies on more training data than the vast
majority of social media users produce in a week, so it only
works on an aggregate level. This limits the risks associated
with profiling individuals through our method, even if we
cannot fully rule out unethical applications. Our main results
(Figure 4) highlight the importance of validation and com-
parison with survey data for each context and construct of in-
terest. However, an application of our method without such
rigor could inform wrong or discriminatory downstream de-
cisions, either because of bias in training data or because of
measurement error.
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Metzler, H.; Rimé, B.; Pellert, M.; Niederkrotenthaler, T.; Di Na-
tale, A.; and Garcia, D. 2023. Collective emotions during the
COVID-19 outbreak. Emotion, 23(3): 844–858.
Mohammad, S.; Bravo-Marquez, F.; Salameh, M.; and Kir-
itchenko, S. 2018. SemEval-2018 Task 1: Affect in Tweets. In Pro-
ceedings of The 12th International Workshop on Semantic Evalu-
ation, 1–17. New Orleans, Louisiana: Association for Computa-
tional Linguistics.
Mohiyeddini, C.; and Bauer, S. 2013. What is an Emotion? In
Mohiyeddini, C.; Eysenck, M. W.; and Bauer, S., eds., Handbook
of Psychology of Emotions, volume Volume 1: Recent Theoretical
Perspectives and Novel Empirical Findings, 3–10. New York: Nova
Publ. ISBN 978-1-62808-053-7.
Motoki, F.; Pinho Neto, V.; and Rodrigues, V. 2023. More human
than human: measuring ChatGPT political bias. Public Choice,
198: 3–23.
Naous, T.; Ryan, M. J.; Ritter, A.; and Xu, W. 2024. Having Beer
after Prayer? Measuring Cultural Bias in Large Language Models.
ArXiv:2305.14456 [cs].
Oatley, K.; and Johnson-Laird, P. 2014. Cognitive approaches to
emotions. Trends in Cognitive Sciences, 18(3): 134–140.
Olteanu, A.; Castillo, C.; Diaz, F.; and Kıcıman, E. 2019. So-
cial Data: Biases, Methodological Pitfalls, and Ethical Boundaries.
Frontiers in Big Data, 2: 13.
Pasek, J.; Yan, H. Y.; Conrad, F. G.; Newport, F.; and Marken, S.
2018. The Stability of Economic Correlations over Time. Public
Opinion Quarterly, 82(3): 470–492.
Pellert, M.; Lechner, C. M.; Wagner, C.; Rammstedt, B.; and
Strohmaier, M. 2024. AI Psychometrics: Assessing the Psycho-
logical Profiles of Large Language Models Through Psychometric
Inventories. Perspectives on Psychological Science, Online First:
17456916231214460.
Pellert, M.; Metzler, H.; Matzenberger, M.; and Garcia, D. 2022.
Validating daily social media macroscopes of emotions. Scientific
Reports, 12(1): 11236.
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Figure 8: Time Series of Emotions from Temporal Adapters, Part 1. We extract answer probabilities by prompting a weekly
fine-tuned Llama 3 8B with the same question wording as in the survey (YouGov 2024a), and compare them to the respective
weekly survey data. The time series are min-max normalized and a 3 week rolling average is applied. The shaded orange area
indicates minimum and maximum LLM answer probabilities across 3 training seeds.
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Figure 9: Time Series of Emotions from Temporal Adapters, Part 2. We extract answer probabilities by prompting a weekly
fine-tuned Llama 3 8B with the same question wording as in the survey (YouGov 2024a), and compare them to the respective
weekly survey data. The time series are min-max normalized and a 3 week rolling average is applied. The shaded orange area
indicates minimum and maximum LLM answer probabilities across 3 training seeds.
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Figure 10: Time Series of Emotions from Temporal Adapters, Part 3. We extract answer probabilities by prompting a weekly
fine-tuned Llama 3 8B with the same question wording as in the survey (YouGov 2024a), and compare them to the respective
weekly survey data. The time series are min-max normalized and a 3 week rolling average is applied. The shaded orange area
indicates minimum and maximum LLM answer probabilities across 3 training seeds.

Figure 11: Time Series of Emotions from Temporal Adapters, Extracted with the PANAS-X Instructions. We extract
answer probabilities by prompting a weekly fine-tuned Llama 3 8B with a question based on the ‘week’ instructions of the
PANAS-X inventory (Clark and Watson 1994). We combine the responses into a single score as designed by Clark and Watson
(1994), and compare our results to the respective weekly survey data from (YouGov 2024a). The time series are min-max
normalized and a 3 week rolling average is applied. The shaded orange area indicates minimum and maximum LLM answer
probabilities across 3 training seeds.
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Figure 12: Estimates of Attitudes towards the National Health Service from Temporal Adapters. We extract answer prob-
abilities by prompting a weekly fine-tuned Llama 3 8B with the same question wording as in the survey (YouGov 2024e), and
compare them to the respective weekly survey data. The time series are min-max normalized and a 3 week rolling average is
applied. The shaded orange area indicates minimum and maximum LLM answer probabilities across 3 training seeds. YouGov
survey data for comparison is only available in monthly waves. To the best of our knowledge, no pre-trained classifier is avail-
able for labeling tweets with regards to expressed attitudes towards the NHS.
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Figure 13: Estimates of Attitudes towards Boris Johnson as Prime Minister from Temporal Adapters. We extract answer
probabilities by prompting a weekly fine-tuned Llama 3 8B with the same question wording as in the survey (YouGov 2024c),
and compare them to the respective weekly survey data. The time series are min-max normalized and a 3 week rolling average is
applied. The shaded orange area indicates minimum and maximum LLM answer probabilities across 3 training seeds. YouGov
survey data for comparison is only available in monthly waves. To the best of our knowledge, no pre-trained classifier is available
for labeling tweets with regards to this survey question.
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Figure 14: Estimates of Government Approval from Temporal Adapters. We extract answer probabilities by prompting a
weekly fine-tuned Llama 3 8B with the same question wording as in the survey (YouGov 2024b), and compare them to the
respective weekly survey data. The time series are min-max normalized and a 3 week rolling average is applied. The shaded
orange area indicates minimum and maximum LLM answer probabilities across 3 training seeds. To the best of our knowledge,
no pre-trained classifier is available for labeling tweets with regards to this survey question.
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B Model Selection and Hyperparameters
In preliminary experiments, we trained Temporal Adapters for a
commonly used BERT-like language model, RoBERTa-large (Liu
et al. 2019), similar to what we describe for Llama 3 in Sec-
tion 4.1. RoBERTa-large has 355M parameters and is therefore
much smaller than Llama 3 8B.

Following the RoBERTa pre-training approach, we used masked
language modeling instead of causal language modeling as the
training task. Furthermore, we trained an adapter for natural lan-
guage inference (NLI) on a dataset curated by Laurer et al. (2023).
Previous research has shown that NLI is a suitable task for extract-
ing survey responses from the token probabilities of BERT-like pre-
trained language models (Pellert et al. 2024), and that language
model adapters can be stacked for combined task and language
adaptation (Pfeiffer et al. 2020). Following this paradigm, we stack
the NLI adapter on top of each week’s Temporal Adapter and cal-
culate the entailment probability of each answer option given the
survey question as a hypothesis, week by week.

Results for RoBERTa-large Temporal Adapters are presented in
Figure 15. Cross-correlations that are strong for Llama 3 Temporal
Adapters do also show stronger cross-correlation for RoBERTa-
large, e.g., for scared. However, compared to the main results pre-
sented in Figure 4, we find that cross-correlations are significantly
lower when using the RoBERTa-large as the underlying pre-trained
language model. In addition, estimates obtained from RoBERTa-
large are much weaker then those from a model that is specifi-
cally trained to classify emotions in tweets, TweetNLP (Camacho-
Collados et al. 2022). For our main analyses, we therefore did not
explore BERT-like language models further and instead focused on
Llama 3 8B.

Figure 15: Cross-correlations with YouGov survey data
are worse for Temporal Adapters trained for RoBERTa-
large than for Llama 3. We obtain a time series of the
probability for an answer option to textually entail the
survey question on Britain’s Mood (YouGov 2024a) in a
given week. We cross-correlate the time series extracted
from RoBERTa-large with the respective British survey data
and indicate p values as *p<0.05,**p<0.01,***p<0.001.
Overall, Temporal Adapters for RoBERTa-large create a
weaker signal than those trained on Llama 3 8B (Figure 4)
or when we extract emotions with TweetNLP.
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Figure 16: Britain‘s Mood: Pearson cross-correlations between the YouGov survey data and our estimates, by LLM
temperature. The shaded orange area indicates minimum and maximum cross-correlation across 3 training seeds. We observe
that the cross-correlation of many, but not all, answer options is stable across a wide range of LLM temperatures. In this paper,
we estimate survey answers based on token probabilities and, unless otherwise specified, use the Llama 3 default temperature
of 0.6 for answer extraction.

35



(a) 50 training steps (b) 100 training steps (c) 150 training steps

(d) learning rate 5 ∗ 10−6 (e) learning rate 10−4

(f) temperature 1 (g) temperature 0.25 (h) temperature 4

(i) answer prefix, answer lowercase (j) no prefix, answer lowercase (k) no prefix, answer uppercase

Figure 17: Results from the Partial Hyperparameter Search. We synthetically mix LLM training data with splits ranging
from data that is labeled 100% sad to 100% happy. We then extract answers to YouGov (2024a)’s survey question at each
split, and show mean and standard deviation over 10 training seeds. Unless otherwise noted, each plot shows results after 50
training steps, with learning rate 5 ∗ 10−6, temperature 1, and using an answer prefix for answer extraction. We aim at a linear
relationship between training mix and extracted answers, with low random error across training seeds.
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