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In South Africa, the Truth and Reconciliation Com-
mission (TRC) ! produced an extensive collection
of testimonies documenting the experiences of vic-
tims and witnesses of apartheid. While this data
could serve as a valuable historical and legal re-
source, it is difficult to access for a wider audi-
ence due to its volume, unstructured format, and
linguistic complexity. We examine whether open-
source LLLMs can extract key information from
such complex texts. In a comparative analysis, we
focus on summarization and NER of victim and
witness names, as well as the identification of the
violations discussed. This combination of tasks
is particularly interesting, as recent studies show
strong performance of LLMs on abstractive summa-
rization (Liu and Healey, 2026), while their effec-
tiveness for named entity recognition remains less
consistent (Wang et al., 2025). We also introduce
a pipeline approach that improves the results by
summarizing the reports before performing NER.

Methods The dataset used for this study con-
tained 200 transcripts describing human rights vio-
lations during apartheid. To obtain a human base-
line, 3 experts annotated the dataset, following de-
tailed annotation guidelines. We evaluated 7 mod-
els for summarization and fine-grained NER, more
specifically the extraction of personal names of wit-
nesses and victims, as well as a label for the crime
that was committed (e.g., "shooting", "torture").
The open-source models were TinyLlama (Tou-
vron et al., 2023), Mistral (Jiang et al., 2023), Mix-
tral (Jiang et al., 2024), OpenHermes (Teknium,
2023), Gemma3 (Mesnard et al., 2024), and Phi-
4 (Abdin et al., 2024). A second version of Mis-
tral, which we call uMistral, received unstructured
prompts to disable parts of the instruction tuning.
In addition, we included GPT-40-mini (OpenAl,
2024) as a comparison to commercial models. As
baseline models for summarization, we also added
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TS5 (Raffel et al., 2019), BART (Lewis et al., 2019),
and Pegasus (Zhang et al., 2019). For victim and
witness detection, the baseline was SpaCy (Hon-
nibal et al., 2020). For all prompted models, the
prompt template was identical and systematically
engineered. Due to the limited context length of
the models, reports sometimes had to be split into
chunks on a sentence level. The results were con-
catenated and passed to the model again to create
a single output. In addition, we improved the re-
sults with a pipeline approach, where we applied
NER on the model-generated summaries to assess
whether summarization simplifies NER for long
TRC documents. The results are evaluated using
BERTScore for summarization and micro F1-score
for NER.

Results The results ranged from moderate to
strong in both tasks (see Table 1). Most models
clearly outperformed the summarization baseline,
with Mistral reaching the highest BERTscore of
0.77. Performance on the NER task was compara-
tively lower, with uMistral achieving the best result
(F1-score 0.61). The performance of the SpaCy
baseline was poor (F1-score 0.19), since non-LLM
NER models cannot distinguish between roles with-
out further fine-tuning. This shows that, despite the
LLMs’ ability to solve a variety of tasks quickly
without fine-tuning, they are mainly reliable for
text generation tasks. Their greatest strength, their
ability to produce coherent texts, is essential for
summarization, but of less benefit for NER. The
pipeline approach improved the results, especially
for the models that previously showed lower per-
formance. The strongest increase could be seen for
OpenHermes, which improved by 0.23 in F1-score.
Summarizing not only shortened the input, but also
reformulated it to focus on the main events of the
crime and relevant names, which helped the NER
task.
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Table 1: Evaluation metrics for summarization
(BERTScore) and NER (micro F1)

Model Sum. BERTScore NER F1 Pipeline F1
SpaCy - 0.1901 -
BART 0.6567 - -
Pegasus 0.5574 - -
T5 0.4186 - -
TinyLlama 0.5218 0.0248 0.0258
Mistral 0.7708 0.5086 0.5685
uMistral 0.7673 0.6064 0.6058
Mixtral 0.7504 0.5814 0.5810
OpenHermes 0.6374 0.2569 0.4881
Gemma3 0.7292 0.3864 0.5975
Phi4 0.6304 0.3644 0.4675
GPT-40-mini 0.7832 0.5916 0.6842
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