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Abstract

We study links between societal stress -
quantified from 18th–19th century Old Bailey
trial records - and weekly mortality in
historical London. Using MacBERTh-based
hardship sentiment and time-series analyses
(CCF, VAR/IRF, and a Temporal Fusion
Transformer, TFT), we find robust lead–lag
associations. Hardship sentiment shows its
strongest predictive contribution at a 5–6 week
lead for mortality in the TFT, while mortality
increases precede higher conviction rates in
the courts. Results align with Epidemic
Psychology and suggest that text-derived
stress markers can improve forecasting of
public-health relevant mortality fluctuations.

1 Introduction

“Great fears of the sickenesse here in the City, it
being said that two or three houses are already shut
up. God preserve us all!” This entry from Samuel
Pepys’ diary, written on Sunday 30 April (1665),
encapsulates the dread that gripped London during
the Great Plague. Accounts such as these show how
epidemics are not purely biological phenomena,
but events that have a widespread impact on social
order. The model of Epidemic Psychology put
forward by the sociologist Strong (1990) outlines
how societies can be caught up in what he calls a
“maelstrom” of impact, altering social structures.

This study investigates whether indicators of so-
cietal stress, expressed through historical crime
records, relate to fluctuations in total weekly mor-
tality. Such fluctuations are often indicative of
public-health crises, but also reflect broader soci-
etal vulnerabilities. Researchers such as Alcabes

∗Code for this study is available at: https://github.
com/Seb-Olsen/ranlp25-hardship-mortality

(2009) have explored the social impact of epi-
demics, with studies primarily focusing on their so-
ciological impacts (Chu et al., 2020; Muthuswamy,
2024). Modern quantitative studies exist, with
Kastalskiy et al. (2021) investigating the impact of
societal stress on the COVID-19 pandemic. Their
research finds that countries able to manage stress
can avoid strong second disease waves. These re-
sults highlight the potential for investigating similar
dynamics in historical contexts. However, there is a
distinct lack of quantitative research utilising high-
quality historical data. We aim to better understand
how societal stress has influenced mortality trends
and fill this gap in historical quantitative studies.

Our primary research question is: “How are pat-
terns of crime, judicial outcomes, and the senti-
ment expressed in criminal trial accounts related to
weekly mortality fluctuations in London, reflecting
societal stress during periods of crisis?". Our work
builds on previous studies that link text sentiment
to real-world measures (Bentley et al., 2014) and
on quantitative legal history and sentiment analysis
(Zhao et al., 2022; Pan et al., 2021).

Research Context and Motivation Modern
studies (e.g., Kruspe et al. 2020; Wang et al. 2020)
show that public sentiment can shift almost in real
time - lockdowns and policy announcements pro-
duce immediate mood changes on social media.
Such rapid shifts reflect how heightened societal
stress and widespread hardship can impair decision-
making, fuel policy overreactions, and undermine
social stability (FeldmanHall et al., 2015). His-
torical accounts (for example Bishop de Belsunce
on the Great Plague of Marseille; Devaux 2012)
suggest comparable social dynamics may have
occurred in earlier epidemics. By quantitatively
analysing trial texts alongside weekly mortality, we
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ask whether spikes in archival hardship language
precede or follow mortality surges and whether
trial sentiment echoes Strong’s “maelstrom” of fear-
driven social collapse (Strong, 1990). Applying
NLP and time-series forecasting gives us an empir-
ical way to test these dynamics in historical data.

Contributions (1) We construct a hardship sen-
timent proxy from historical trial texts using
MacBERTh and ABSA-style embedding similar-
ity; (2) We quantify lead–lag structure with CCF,
VAR/IRF, and predictive tests, separating con-
temporaneous from delayed associations; (3) We
benchmark forecasting with TFT against naïve and
seasonal baselines and interpret drivers via variable
importance; (4) We connect mortality dynamics
with judicial responses, providing quantitative evi-
dence consistent with Epidemic Psychology.

2 Related Work

This research is situated at the intersection of histor-
ical NLP, time-series forecasting, and public health.
The application of transformer-based models to
time-series forecasting is a burgeoning field. The
Temporal Fusion Transformer (TFT) (Lim et al.,
2021) has shown state-of-the-art performance in
various domains like retail and finance, but its ap-
plication to historical or epidemiological data is
less common. Makhonza et al. (2024) success-
fully applied TFT to modern mortality forecasting,
demonstrating its potential. Our work extends this
by applying TFT to a uniquely challenging histori-
cal dataset, characterised by noise, reporting lags,
and non-stationarity.

Furthermore, the use of NLP to extract pub-
lic health indicators is a well-established practice,
with systematic reviews highlighting its application
to infectious disease surveillance (Agbehadji and
Awad, 2023) and population mental health monitor-
ing (Gkotsis et al., 2024). Specific applications are
diverse: foundational studies used sentiment anal-
ysis to predict flu outbreaks (Pan et al., 2021) and
measure public reaction to health policies (Zhao
et al., 2022), while more recent work employs so-
phisticated transformer models for detailed emo-
tion classification (Cui et al., 2024) and leverages
the latest generation of LLMs to analyse health
discussions on social media (Zhang et al., 2024).
Our study is novel in its application of these tech-
niques to a large-scale historical corpus to create
a sentiment-based proxy for societal stress. By
linking this proxy to administrative records on mor-

tality and crime, we create a new, quantitative lens
through which to study historical societal dynam-
ics.

3 Methodology

3.1 Data Sources

Our primary text source is the Old Bailey Ses-
sions Papers XML corpus (Hitchcock et al., 2023),
covering 1678–1849. This corpus was chosen
for its detailed trial accounts and precise weekly
dating, which mitigates the publication lag found
in other historical text corpora and is crucial for
time-series analysis. Crucially, its focus on Lon-
don allowed for direct geographical and temporal
alignment with our mortality dataset. The source
boasts a 99.99% accurate transcription rate (Hitch-
cock and Turkel, 2016). We restricted our anal-
ysis to 1719–1829 to maximise data utility. We
programmatically extracted structured metadata
– offenceCategory, verdictCategory,
and punishmentCategory – from the records
(Hitchcock and Shoemaker, 2006), yielding a total
of 138,078 trial observations.

For mortality data, we used the London Bills of
Mortality dataset (Smith et al., 2020), which pro-
vides weekly mortality counts from 1644–1849. To
stabilise variance and mitigate extreme spikes, we
log-transformed the weekly death counts, creating
the log_deaths variable. Izdebski et al. (2022)
have previously used such mortality data as a reli-
able indicator of epidemic impact in pre-modern
periods.

3.2 Sentiment Analysis

A key challenge was the linguistic complexity of
historical texts and the lack of temporal general-
ization ability of language models (Verkijk et al.,
2025). We leveraged MacBERTh, a BERT model
adapted for historical English (1450-1950) (De-
vlin et al., 2019; Manjavacas and Fonteyn, 2022).
Its pre-training on historical corpora provides ro-
bustness to spelling variations and helps mitigate
semantic drift (Kutuzov and Giulianelli, 2020),
making it highly suitable for fine-grained semantic
tasks. Recent work has specifically demonstrated
the value of using MacBERTh for aspect-based
sentiment analysis (ABSA) in literary-historical
contexts (Dejaeghere et al., 2024).

Informed by this precedent, we adopted an
ABSA approach to quantify hardship within the
trial narratives. We generated embeddings for each
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trial’s text and computed reference embeddings
for a curated list of hardship-related terms (Ta-
ble 1). The resulting hardship sentiment score was
obtained by cosine similarity between trial embed-
dings and the hardship reference vectors.

Terms for hardship sentiment

poor poverty necessity
distress hardship starve
desperate ruin beggar
vagrant hunger want

Table 1. Terms used to generate reference embeddings
indicative of hardship sentiment.

3.3 Validation and Robustness of the
Hardship Measure

We qualitatively validated our hardship measure by
auditing a stratified sample of trials. High-scoring
texts clearly contained hardship narratives. For in-
stance, one trial described a prisoner who begged
a judge for mercy, stating: “What a sad thing will
this be for my Wife, who has not a Farthing in
the World.” In contrast, low-scoring trials were
typically terse and factual. To test robustness, we
compared our MacBERTh-based scores to a sim-
ple keyword-frequency baseline; correlations and
lead–lag patterns were similar. This triangulation
supports the validity of our construct, though fur-
ther multi-annotator evaluation remains a priority
for future work.

3.4 Time-Series Analysis and Forecasting
To explore the temporal dynamics between our vari-
ables, we employed several time-series analyses.
Cross-Correlation Functions (CCF) were used to
examine lead-lag relationships (Shumway and Stof-
fer, 2000). We then performed Granger causality
tests to assess whether one time series could be
used to forecast another (Granger, 1969). We tested
for lags from 1 to 12 weeks.

Finally, to model the system’s response to
shocks, we fitted a Vector Autoregression (VAR)
model. A VAR model expresses each variable as a
linear function of its own past values and the past
values of all other variables in the system (Sims,
1980). From the fitted VAR model, we generated
Impulse Response Functions (IRFs), which trace
the dynamic effect of a one-time, one-standard-
deviation shock in one variable on the future tra-
jectory of another variable, holding other shocks

constant. This allows for a deeper analysis of the
bivariate relationships.

For the primary forecasting task, we imple-
mented the Temporal Fusion Transformer (TFT)
(Lim et al., 2021), a neural network architecture
with built-in interpretability. We optimised hyper-
parameters using the Optuna framework, aiming
to minimise Symmetric Mean Absolute Percent-
age Error (SMAPE). The model was trained using
QuantileLoss at the 0.1, 0.5, and 0.9 quantiles
to estimate prediction intervals. We evaluated its
performance against three standard baselines: a
Naïve (last-value) forecast, a Seasonal Naïve (same-
week-last-year) forecast, and a Historical Average
forecast.

4 Results

The final DataFrame contains 5,768
weekly rows and 28 features (aggregated
hardship_sentiment, crime proportions,
conviction/punishment rates, trial counts, a
year_end_spike indicator, and mortality
variables). Trial-level hardship scores excluded
5,549 very-short trials (<30 words), i.e., ≈ 4.02%,
to improve reliability (see Figure 1).

Figure 1. Pipeline for sentiment analysis and mortality
data forecasting.
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4.1 Exploratory Data Analysis

The weekly death count (Figure 2) shows a grad-
ual decrease over the period, likely due to public
health improvements (Porter, 1991). The promi-
nent ’jitters’ are artefacts of historical reporting,
where parishes aggregated death counts at year-
end (Figure 3). The conviction rate (Figure 4) was
steady around 60%, but spiked to 97% between
1791–1793, possibly reflecting fears following the
French Revolution (Eastwood, 1995). Across the
series mean weekly deaths decline from ≈ 500
in the early 1700s to ≈ 420 by 1829, motivating
the log-transform used throughout. The dataset
therefore combines long-run decline with irregu-
lar, year-end aggregation spikes that we explicitly
model.

Figure 2. Weekly Death Rates (1719–1829).

Figure 3. Distribution of Deaths by Week (1719–1829).

Figure 4. Weekly Conviction Rate (1719–1829).

Analyses of trial and verdict counts around 1788–
1792 show that the conviction-rate spike was not
driven by fewer trials, suggesting a genuine in-
crease in conviction likelihood during that period.

4.2 Shock Analysis with VAR/IRF

VAR/IRF analysis shows that an unexpected shock
in hardship sentiment leads to a statistically signifi-
cant increase in the growth rate of log_deaths

about two weeks later, followed by oscillatory
effects (Figure 5a). Conversely, a shock in
log_deaths prompts smaller but statistically
significant responses in hardship sentiment (Fig-
ure 5b).

(a) Hardship → Deaths IRF (b) Deaths → Hardship IRF

Figure 5. Impulse response functions (95% CIs).

4.3 Lead–lag associations and predictive tests
The cross-correlation plot (Figure 6) shows a mod-
est peak when hardship_sentiment leads
log_deaths by 4–6 weeks, and a stronger, sig-
nificant correlation when deaths lead sentiment by
17–20 weeks. A five-year rolling correlation (Fig-
ure 7) reveals a highly dynamic relationship, with
a strong positive peak (>+0.6) around the 1740
“Great Frost” (Engler et al., 2013).

Granger causality tests (Figure 8)
for hardship_sentiment causing
log_deaths were not statistically signifi-
cant. However, tests show that log_deaths
significantly Granger-causes the conviction rate,
particularly with a lag of two or more weeks
(Figure 9).

Figure 6. Cross-correlation of hardship and deaths.

Figure 7. Five-year rolling correlation.
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Figure 8. Granger Test: Hardship → Deaths.

Figure 9. Granger Test: Deaths → Conviction Rate.

4.4 TFT Model Performance and Error
Analysis

The TFT model outperformed all baselines (Ta-
ble 2), achieving an MAE of 115.9. An error
analysis (Figure 10) reveals the TFT’s robustness.
The validation loss curve (Figure 10a) shows that
early stopping at epoch 20 prevented overfitting.
The forecast visualization (Figure 10b) shows that
the TFT model successfully captures the overall
mortality trend and year-end spikes, unlike the
baselines. The Seasonal Naïve model performs
worst (SMAPE: 43.8%), likely because it overfits
to past seasonal patterns and is brittle to the irregu-
lar shocks that drive historical mortality.

Model MAE MSE SMAPE (%) RMSE

TFT 115.9 20396.4 30.9 142.8
Naive 136.5 28921.7 34.3 170.1
Seasonal Naive 191.5 68216.0 43.8 261.2
Average 118.4 20562.2 31.0 143.4

Table 2. Forecasting performance of TFT and baselines.

The model’s interpretability features highlight
which signals drive forecasts. Among decoder vari-
ables, the year_end_spike indicator was most
influential (≈ 45%; Figure 11a). For encoder vari-
ables, hardship sentiment with a six-week lag was
the strongest predictor (≈ 16%; Figure 11b).

(a) TFT Validation Loss (early stop at epoch 20).

(b) Actual vs. TFT and Baseline Forecasts - Validation Period

Figure 10. TFT model performance and forecast visual-
ization.

(a) TFT – Decoder Variables Importance.

(b) TFT – Encoder Variables Importance.

Figure 11. TFT model interpretability: feature impor-
tance.
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5 Discussion

This research finds that patterns of crime, judicial
outcomes, and sentiment in trial accounts are signif-
icantly related to weekly mortality in historical Lon-
don. The finding that hardship sentiment lagged by
six weeks is the top encoder variable for the TFT
model strongly supports the hypothesis that hard-
ship has a tangible, though delayed, relationship
with mortality. This delay may be attributable to
the time it takes for chronic stress and worsening
living conditions to physically impact individuals,
a conclusion supported by sociological research on
unemployment and immune dysfunction (Milner
et al., 2013; Balakin et al., 2025).

The relationship is multifaceted and bidirec-
tional. While contemporaneous correlation is weak
(r = 0.01), time-lagged analyses reveal a more
complex story. The CCF, VAR/IRF, and TFT re-
sults all point to hardship sentiment having its
greatest impact on mortality with an approximate
six-week delay. Furthermore, mortality increases
appear to precede rises in hardship sentiment by
about 17-20 weeks, and Granger-cause a rise in
conviction rates after a lag of two weeks. This
indicates a bidirectional lead–lag pattern wherein
public health crises influence public sentiment and
judicial responses.

The finding that increased deaths Granger-cause
higher conviction rates (Figure 9) raises complex
questions about judicial objectivity, corroborating
conclusions from Jedwab et al. (2021). Was the
judicial system swayed by public fear, leading to
a search for ‘scapegoats’ during periods of high
mortality? Was it used by authorities to restore
order after periods of high societal stress? These
questions merit further research into the response
of the legal system to drivers of societal stress.

These results contribute directly to Strong’s
(1990) concept of the “maelstrom”, where disease
outbreaks are followed by suspicion and moral con-
troversy. As Strong notes, “friends, family and
neighbours may be feared... the world may be
turned upside down” (1990, p. 252). Our findings
build on this by showing that hardship sentiment
and judicial metrics can act as quantitative predic-
tors of future weekly mortality. Methodologically,
this offers a new way to track this historical ef-
fect and serves as a strong use case for applying
historical language models like MacBERTh to ex-
tract meaningful, predictive signals from complex
textual archives.

5.1 Limitations and Future Work
One key limitation is the quality of 18th-century
data reporting. Spikes in weekly deaths are often
artifacts of year-end data aggregation. While our
year_end_spike feature helps mitigate this, fu-
ture work could also benchmark our ABSA-style
approach against other sentiment analysis tech-
niques. A second challenge lies in the historical
texts themselves, which contain spelling variations
and semantic drift that are only partially mitigated
by models like MacBERTh.

Another limitation is the use of total weekly mor-
tality as a proxy for epidemic periods. This aggre-
gate measure includes deaths from other causes
potentially influenced by societal stress (e.g., mal-
nutrition). Future work with more disaggregated,
cause-specific death records could differentiate the
impact of hardship more clearly. The findings of
this study are specific to London from 1719-1829;
generalizing these links to other contexts or mod-
ern data requires caution and further investigation
to validate the relationships.

A final limitation concerns causal interpretation.
While lead–lag structure is suggestive, our analy-
ses cannot rule out unobserved confounders (e.g.,
climate, policing intensity). We therefore interpret
findings as predictive associations only.

6 Conclusion

This study explored the temporal relationships be-
tween societal stress indicators and weekly mor-
tality in 18th and 19th-century London. Our anal-
ysis revealed several key findings: (1) hardship
sentiment, particularly with a 5-6 week lag, is a
significant leading predictor of weekly mortality
fluctuations; (2) patterns of crime also demonstrate
predictive value; and (3) a bidirectional pattern is
observed, with rising mortality improving forecasts
of subsequent conviction rates.

The demonstrated link between text-derived
hardship and mortality suggests the potential utility
of similar sentiment analysis techniques on modern,
large-scale textual data (e.g., social media, news
reports) for early-warning systems of societal dis-
tress. By providing a quantitative lens on Epidemic
Psychology, this work underscores the far-reaching
societal impacts of public health crises and opens
new avenues for both historical inquiry and con-
temporary policy.
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