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Abstract

Large language models (LLMs) are increasingly used in conversational information re-
trieval systems to provide direct answers to user queries. However, little is known about
how LLM-generated responses behave in low-resource language settings, particularly in
domain-specific contexts such as agricultural knowledge access. This study investigates
whether answers produced by LLMs differ systematically from human-authored responses
in a Swahili agricultural question answering task. Using a dataset of 127 maize-related ques-
tions collected through fieldwork in Morogoro, Tanzania, we compare human responses
with answers generated by two conversational models, ChatGPT and Gemini. The analysis
combines descriptive textual statistics, lexical similarity measures based on TF-IDF cosine
similarity, and TF-IDF-based logistic regression evaluated through question-grouped cross-
validation. Results show consistent differences in response length, lexical diversity, and
lexical similarity, with LLM-generated answers exhibiting longer and more uniform lengths
despite instructions to answer briefly. Human answers had higher raw type-token ratios,
while model answers showed higher fixed-window lexical diversity. Same-question lexical
similarity exceeded a mismatched-question baseline. The three-source classifier achieved
0.9633 accuracy, compared with 0.7192 using length alone and 0.8058 after matching an-
swer lengths. These findings highlight detectable patterns associated with both verbosity
and source-specific wording, providing insights for evaluating conversational information
retrieval systems in low-resource agricultural environments.

Keywords: large language models (LLMs); information retrieval; low-resource languages;
Swahili; agricultural knowledge systems; text detectability; conversational Al

1. Introduction

The deployment of information retrieval (IR) systems in agriculture remains particu-
larly challenging in low-resource environments, where limited access to expert knowledge,
data resources, and digital infrastructure constrains effective information access [1]. In
countries such as Tanzania, agriculture remains highly vulnerable to climate variability, soil
degradation, and environmental stressors, which collectively contribute to food insecurity
and limit farmer livelihoods [2,3]. Traditional agricultural knowledge, while valuable, is
increasingly insufficient to address the growing unpredictability of weather patterns and
the changing dynamics of soil fertility driven by climate change [4,5]. These challenges are
particularly acute for smallholder farmers cultivating staple crops such as maize, which
plays a central role in food security and household income across Tanzania [6]. Limited
access to extension services, agronomic expertise, and timely information further constrains
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productivity and farmers’ adaptive capacity [7]. In such contexts, information retrieval
systems capable of delivering relevant, localized, and comprehensible agricultural infor-
mation in local languages are increasingly viewed as a critical intervention for improving
agricultural knowledge access and decision-making [8].

Recent advances in artificial intelligence (Al), particularly large language models
(LLMs), have renewed interest in conversational interfaces as IR tools for agriculture. Al-
powered assistants have been proposed as scalable mechanisms for providing farmers with
on-demand access to agricultural advice, thereby complementing traditional extension
services [9]. Digital technologies have already demonstrated potential in supporting smart
farming practices in developed and emerging economies, with more limited but growing
adoption in developing countries [10,11]. However, despite this potential, there remains
limited understanding of how LLM-generated answers behave as information retrieval
outputs in Swahili agricultural question answering. In particular, it is unclear whether
these answers resemble human-authored agricultural responses or whether they exhibit
systematic linguistic patterns that distinguish them from locally produced knowledge [12].
Examining these differences can support the evaluation of answers’ provenance in con-
versation IR by establishing whether the human and model-generated responses can be
distinguished from their wording.

Low-resource environments are characterized by limited datasets for benchmarking
information retrieval (IR) techniques and restricted computing infrastructure [13]. In agri-
cultural contexts, these limitations affect the ability of farmers and practitioners to access
timely and reliable agronomic information. While recent work suggests that Al assistants
may help bridge gaps in access to expert knowledge and localized agricultural guidance, the
increasing integration of large language models (LLMs) into conversational IR systems in-
troduces new evaluation challenges, particularly in settings where expert validation remains
scarce [1]. Consequently, understanding how generative responses differ from human-
authored agricultural explanations is an important methodological step toward establish-
ing reliable evaluation frameworks for Al-generated information access in low-resource
environments. To address this challenge, this study investigates Swahili maize-related
question-answering through a comparison of human, ChatGPT, and Gemini responses.
Using a dataset collected through fieldwork in Morogoro, Tanzania, the study examines
whether LLM-generated answers exhibit detectable differences from human-authored re-
sponses. Because response length can influence both the lexical-diversity measure and
source classification, the analysis includes length-controlled comparisons alongside the orig-
inal full-length answers. This approach follows established vector-space representations,
such as TF-IDF and cosine similarity, as highlighted by [14,15], while drawing on recent
work that uses stylistic and lexical signals to detect machine-generated text [16,17]. Through
this approach, the study contributes evidence on the detectability of LLM-generated Swahili
agricultural answers and the extent to which observed differences persist.

The remainder of this manuscript is organized as follows. Section 2 reviews the
related literature on information retrieval in agriculture, low-resource IR environments,
and the use of large language models in conversational information systems. Section 3
presents the methodological framework of the study, including the dataset construction,
data preparation procedures, and the experimental design used for comparative textual
analysis and detectability evaluation. Section 4 reports the empirical results, including
descriptive statistics of textual characteristics, raw and length-controlled lexical diversity
analysis, similarity comparisons between human and LLM-generated responses, and the
performance of the detectability model. Section 5 discusses the implications of the findings
for the evaluation of LLM-generated agricultural answers and the limitations of the study.
Finally, Section 6 concludes the paper and outlines directions for future research.
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2. Related Works

Agricultural communities in low-resource environments often face persistent chal-
lenges in accessing expert guidance and timely agronomic information. IR technologies
have increasingly been explored as mechanisms for improving access to agricultural knowl-
edge, particularly in contexts where farmers depend on fragmented or informal sources
of information [18]. Several practical systems illustrate how digital platforms can support
agricultural information access. For example, Digital Green provides video-based agricul-
tural knowledge and searchable advisory content to farmers in developing regions through
community-based dissemination networks [19]. Similarly, iCow, a mobile advisory service
deployed in East Africa, allows farmers to retrieve livestock management and agricultural
information through SMS-based queries [20]. Another example is eSoko in Ghana, which
delivers agricultural information such as market prices, weather forecasts, and farming
advice through mobile information services [21]. These systems demonstrate how infor-
mation retrieval and mobile information platforms can facilitate agricultural knowledge
dissemination in regions where access to traditional extension services is limited.

Despite these advances, the development and evaluation of IR systems remain challeng-
ing in low-resource environments. Such environments are often characterized by limited
datasets for benchmarking retrieval models and reduced computational infrastructure.
For example, many African languages lack large-scale annotated corpora or evaluation
collections comparable to widely used IR datasets such as MS MARCO (Nguyen et al., 2018)
or TREC collections [22,23], which are commonly used to benchmark retrieval systems in
high-resource languages. The scarcity of datasets and linguistic resources for African lan-
guages has been highlighted in recent research on low resource natural language processing
and information access, including initiatives such as Masakhane, which focuses on building
machine translation and NLP resources for African languages [24]. These limitations make
it difficult to design and evaluate IR systems that support localized knowledge access in
agricultural contexts. For agricultural question answering, evaluation also requires attention
to domain-specific terminology and the language varieties used by farmers.

Recent advances in large language models (LLMs) have introduced new possibil-
ities for conversational information retrieval and question answering systems. Models
such as GPT-3 [25], ChatGPT [26], Gemini [27], and LLaMA [28] can generate natural
language responses to user queries, allowing them to function as interactive information
access systems that extend beyond traditional keyword-based search. These models have
demonstrated advanced performance across tasks such as question answering, summa-
rization, and conversational dialogue, which has motivated growing interest in deploying
conversational Al systems to deliver agricultural information and advisory services [29].
In agricultural contexts, conversational interfaces can potentially provide farmers with
direct answers to domain-specific questions, enabling information access through natural
language interaction rather than document retrieval.

The shift from retrieving documents to generating answers introduces important
evaluation challenges [30]. LLM-based systems compose responses dynamically through
probabilistic language generation, which produces plausible but factually incorrect informa-
tion [31]. Studies evaluating generative language models have documented instances where
systems produce fabricated references or unsupported factual claims [32]. These issues
complicate the evaluation of generative IR systems because the reliability and provenance
of generated answers may be difficult to verify. Consequently, recent research has begun
exploring methods for evaluating generated responses, including hallucination detection,
answer quality assessment, and approaches for distinguishing human-written text from
machine-generated outputs [16,17]. These approaches examine different properties of
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generated answers: their factual content, their quality, and the textual features associated
with their source.

In agricultural information access scenarios, these evaluation challenges are particularly
important. Farmers typically rely on concise and practical explanations grounded in local
agricultural practices [11]. If generative systems produce responses that differ systematically
from human-authored explanations, these differences may affect both the evaluation of
information retrieval systems and how users interpret their outputs [33]. Examining such
differences through source classification provides a way to assess whether generated answers
have identifiable lexical and stylistic patterns. However, differences in answer length and
the instructions used to elicit responses can also contribute to classification performance.
Comparing answers under length-controlled conditions therefore helps establish whether
source-associated patterns persist beyond the original differences in response length. This
provides the basis for the present analysis of human and LLM-generated answers to Swahili
agricultural questions [34].

3. Methodology

This study adopts an empirical text-analysis framework to examine whether large lan-
guage model (LLM) responses can be systematically distinguished from human-authored
agricultural explanations. The analysis focuses on textual representation and source de-
tectability, drawing on methods used in IR and stylometric studies, which are commonly
used analytical perspectives in IR and stylometric studies [35]. The methodological de-
sign combines descriptive comparison of textual properties with lexical similarity analysis
and supervised classification. Answer sources are compared using full text and equal-
length responses, with classification evaluated on questions kept separate between training
and testing.

3.1. Dataset

The dataset used in this study was collected through fieldwork conducted in Morogoro,
Tanzania, over approximately two weeks in May 2024. The research team prepared ques-
tions covering common maize-farming issues and collected responses from approximately
24 farmers. Responses were documented through notes taken by the research team. Crop
experts and extension officers working with maize reviewed the answers and refined their
wording. Farmers were asked about common farming issues without a prescribed response
length or written format. Some questions were removed during dataset preparation as
the collection progressed and responses became repetitive. The final dataset contained
127 Swahili questions.

Each question was paired with three answers: a human-authored response documented
during fieldwork and reviewed by agricultural experts, and two responses generated by
ChatGPT (GPT 5.2) and Gemini 3 Pro. This design resulted in 381 answers, comprising
127 answers from each source, and enabled comparison of responses to the same ques-
tions. The fieldwork was conducted under a research permit issued by Sokoine University
of Agriculture.

ChatGPT and Gemini were selected because they represent widely deployed transformer-
based LLM systems trained on large-scale heterogeneous corpora. GPT-family models are
trained on mixtures of publicly available, licensed, and human-generated text comprising
hundreds of billions of tokens [25], while Gemini models are trained on large multimodal
web-scale datasets supporting multilingual reasoning and conversational interaction [27].
Both systems therefore provide representative contemporary LLM architectures capable of
multilingual responses, including Swahili input. Including two LLM systems enabled com-
parison of source-associated linguistic patterns across different conversational models [34].
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To ensure consistency across generated answers, both models were prompted using
the same Swahili instruction and the prompt imposes consistent response constraints to
reduce stylistic variability and ensure that observed differences reflect model-generated
patterns rather than response formatting [36]. The same Swahili instruction was repeated
with every question in both systems. It requested a brief, direct explanation in clear Swahili,
with practical advice and no lists or bullet points as shown in Table 1:

“Jibu swali lifuatalo kwa lugha ya Kiswahili fasaha, kwa ufupi na kwa uelewa wa
mkulima wa kawaida. Epuka maelezo marefu yasiyo ya lazima. Toa jibu la moja kwa
moja na lenye ushauri wa vitendo. Usitumie pointi, orodha, mistari ya nukta au muundo
wa vipengele.”

English translation:

“ Answer the following question in clear, fluent Swahili, briefly and in a way that an
ordinary farmer can understand. Avoid unnecessary lengthy explanations. Give a
direct answer with practical advice. Do not use bullet points, lists, dotted lines, or an
itemized format.”

The instruction specified a preferred style without imposing a numerical word limit.
Human answers were obtained through fieldwork discussions and research-team notes,
whereas model answers were generated as written responses to the instruction. These
collection procedures were considered when interpreting differences between sources.

Table 1. Structure of the Swahili maize question—answer dataset.

Question (Swahili) Human Answer

GPT Answer

Gemini Answer

Uchavushaji husaidia
mmea kuweza
kuzalisha tunda.
Urutubishaji wa mbegu
za kike katika
unaofanywa na mbegu
za kiume (mbelewele)
husabaisha kuzaliwa
kwa ua ambalo ni tunda
la mhindi

Umuhimu wa
uchavushaji kwa mmea
wa mahindi ni upi?

Uchavushaji ni muhimu kwa
sababu bila chembe za chavua
kufika kwenye sehemu ya kike

ya ua, kozi za mahindi
haziwezi kutengeneza punje.
Huu ndiyo mchakato
unaofanya kila shanga ya
mahindji ijazwe vizuri na kuwa
na nguvu. Ikiwa uchavushaji
haujatimia, mahindi huwa na
mashimo, yanakauka mapema
na mavuno hupungua. Ili
kuhakikisha uchavushaji
unafanikiwa, unahitaji
kupanda mahindi kwa nafasi
sahihi na katika mistari
inayosaidia upepo kupeleka
chavua kwa urahisi kutoka ua
moja kwenda jingine.

Uchavushaji ni muhimu sana
kwa mahindi kwa sababu bila
huo, masuke hayatajaza
chembechembe, na badala
yake utapata masuke matupu
au yenye chembe chache sana.
Uchavushaji huruhusu
mavumbi ya maua ya kiume
kufika kwenye nywele za
masuke (maua ya kike), na
hivyo kusababisha
chembechembe za mahindi
kuunda na kukua. Ili
kuhakikisha uchavushaji
mzuri, panda mahindi kwa
mistari mingi, si michache, ili
upepo uweze kubeba
mavumbi ya maua kwa urahisi
na kuyafikisha kila mahali.

English translation: Question: What is the importance of pollination in maize? Human answer:
Pollination helps maize produce grain. Pollen from the male flowers reaches the silks of the female
flowers, enabling fertilization and subsequent kernel development. GPT answer: Pollination is
important because maize cobs cannot form kernels unless pollen grains reach the female part of the
flower. This process allows each kernel to fill properly and develop. If pollination is incomplete, the
cobs have gaps, the maize dries prematurely, and yields decrease. To ensure successful pollination,
plant maize with appropriate spacing and in rows that help the wind carry pollen easily from one
flower to another. Gemini answer: Pollination is very important for maize because, without it, the
ears will not fill with kernels, resulting in empty ears or ears with very few kernels. Pollination allows
pollen from male flowers to reach the silks of the female flowers, enabling kernels to form and grow.
To ensure good pollination, plant maize in several rows rather than only a few, so that the wind can
carry and distribute pollen throughout the planting area.
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3.2. Data Preparation

Data preprocessing was performed using standard normalization procedures in in-
formation retrieval research [37], including lowercasing text and tokenizing answers into
words. The dataset was first checked for missing values, blank entries, and duplicate
questions. Each question received a unique identifier linking its human, GPT, and Gemini
answers, and original answer texts were retained. A common tokenizer extracted sequences
matching the Unicode regular expression \w+, treating punctuation as separators and
retaining letters, digits, and underscores. This tokenizer was used consistently for word
counts, lexical-diversity measures, TF-IDF representations, and the equal-length experi-
ment. Answer verbosity was measured using two complementary statistics, beginning with
character length, defined as the number of characters in each response [38]:

L. = [text| (1)

where L, denotes the character length of the answer. Characters were counted from the
original text, including spaces and punctuation.
Token length measures the number of words contained in each response:

Lt:il (2)

where L, represents the total number of tokens in the answer and n is the number of tokens
produced by the tokenizer.
Lexical diversity was measured using the type-token ratio (TTR), which captures the
proportion of unique words within a text:
| VI

TIR = < (3)

where |V| represents the number of unique tokens and N represents the total number of
tokens. TTR is widely used in stylometric and corpus-based analyses to compare vocabulary
richness across text sources [39].

Because raw TTR is sensitive to text length, the moving-average type-token ratio
(MATTR) was also calculated. MATTR averages the TTR values of overlapping windows of
a fixed size, moving through each answer one token at a time:

N—w+1
MATTR,, = _ Y |Vi'w|, N>w (4)

T N-—w+1 & w
i=1

where w is the window size and |V, | is the number of unique tokens in the window
beginning at position i. The main analysis used 20-token windows, with a 10-token analysis
as an additional check. For each window size, comparisons included only questions whose
human, GPT, and Gemini answers all met the minimum length. Each eligible answer
contributed one MATTR value.

To analyze lexical linguistic similarity between answers, responses were represented
using term frequency-inverse document frequency (TF-IDF) vectors, a standard text repre-
sentation method in information retrieval [40]. The TE-IDF weight of term t in document d
was calculated using raw frequency and smoothed inverse document frequency:

1+D
where TF(t, d) denotes the frequency of term t in document d, DF(t) represents the number

of documents containing term t, and D is the total number of documents. The resulting
vectors were normalized to unit Euclidean length.
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Similarity between answers was then measured using cosine similarity, which quanti-
fies the directional similarity between TF-IDF vectors:

A-B

cos(®) = I ATIBI (6)

where A and B represent vector representations of two answers. This measure allows com-
parison between LLM responses and their corresponding human-authored answers [41].
For this descriptive analysis, a unigram TF-IDF representation was fitted to all 381 an-
swers, and each human answer was compared with the GPT and Gemini answers to the
same question.

A mismatched-question baseline was constructed using 500 random permutations of
model answers. Each permutation paired human answers with model answers to different
questions. For each human answer, similarity scores across these mismatched pairings
were averaged and compared with the same-question score. Answer pairs with the lowest,
median-ranked, and highest same-question similarity scores were selected for inspection
for each model.

3.3. Experimental Design

To evaluate detectability, the study implemented a supervised classification experi-
ment [42] designed to determine whether textual patterns could identify the source of an
answer. All answers were transformed into TF-IDF feature vectors using both unigrams
and bigrams, enabling the model to capture lexical and short phrase patterns that may char-
acterize different answer sources [41]. A multiclass logistic regression classifier was used to
predict the answer source (human, GPT, or Gemini). Logistic regression is commonly used
in text classification because it performs effectively with high-dimensional sparse feature
spaces such as TF-IDF representations [43]. The TF-IDF vectorizer and classifier were fitted
together within each training split, so vocabulary and inverse document frequency weights
were learned from training answers only. Terms occurring in more than 95% of training
answers were excluded. The classifier used (C = 1) and a maximum of 3000 iterations,
without hyperparameter tuning.

Four experiments were conducted using identical training and test partitions: a
majority-class baseline, a classifier using answer length alone, a TF-IDF classifier using
complete answers, and a TF-IDF classifier using equal-length answers. The majority-class
baseline predicted the most frequent training class. The length-only classifier used token
count as its sole predictor, standardized using training-set statistics. For the equal-length
experiment, the three answers to each question were shortened to the token count of the
shortest answer in that triplet, retaining the opening tokens. All 127 questions remained in
the analysis. This experiment assessed performance after matching answer lengths while
also accounting for the content removed through truncation.

The primary evaluation used five-fold cross-validation grouped by question. All three
answers to each question remained in the same fold, preventing answers to the same question
from appearing in both training and testing. Each fold was used once for testing, producing
one out-of-fold prediction for every answer. A separate question-grouped 75:25 holdout
split provided an additional performance check. Each partition contained equal numbers
of human, GPT, and Gemini answers. Random seed 42 was used for split generation as
presented in Table 2.
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Table 2. Training and test dataset sizes used in the classification experiments [43].

Evaluation

Training Questions  Training Answers Test Questions  Test Answers

Five-fold evaluation, folds 1-2, each 101 303 26 78
Five-fold evaluation, folds 3-5, each 102 306 25 75
Separate 75:25 holdout 95 285 32 96

Model performance was evaluated using standard classification metrics, including
precision, recall, and F1 score, defined as follows:

TP 7
TP + FP )

TP g
TP + FN (8)

Precision x Recall
9)

* Precision + Recall
where (TP), (FP), and (FN) denote true positives, false positives, and false negatives for

Precision =

Recall =

F1=2

each source, respectively. Accuracy measured the proportion of correctly classified answers,
while macro F1 was the unweighted mean of the three source-specific F1 scores. Primary
scores were calculated from pooled out-of-fold predictions, with fold-level means and stan-
dard deviations describing variation across partitions. Conditional 95% confidence intervals
were estimated from 2000 bootstrap samples of question groups, keeping each question’s
three answers together. Intervals were calculated from the 2.5th and 97.5th percentiles
using fixed predictions, without refitting the models.

In addition, confusion matrices were used to analyze misclassification patterns across
the three sources, with a consistent class order of human, GPT, and Gemini. Words and
phrases with the highest positive logistic regression coefficients were extracted from the
holdout training models to identify source-associated features. The frequency of the re-
peated phrase “ushauri wa vitendo” was also examined across sources. This experimental
setup allowed the study to assess source detectability and the contribution of answer length
to classification performance in Swahili agricultural question answering [44].

4. Results
4.1. Descriptive Textual Characteristics

Descriptive statistics were computed to examine structural differences between human-
authored and LLM-generated answers. Two measures of answer length were analyzed:
character length and token length, allowing comparison of response verbosity across sources.
Table 3 summarizes the distribution of these measures for human, ChatGPT, and Gem-
ini responses.

Table 3. Statistics of character and token lengths for human and LLM-generated answers (n = 127
per source).

Source

Maetric

Count Mean Std Min 25% 50% 75% Max

Human
GPT
Gemini
Human
GPT
Gemini

Characters

Characters

Characters
Tokens
Tokens
Tokens

127 166.42 99.67 21 101.0 146.0 205.5 560
127 466.58 66.25 329 422.0 460.0 518.5 690
127 484.81 59.81 332 438.0 483.0 516.5 662
127 25.17 15.22 4 15.0 22.0 31.0 80
127 71.13 9.60 51 63.5 71.0 77.5 105
127 77.24 10.05 54 70.0 76.0 82.0 106
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The results show a clear difference in response length between human and model-
generated answers. Human responses contain an average of 166.42 characters and
25.17 tokens, whereas ChatGPT and Gemini responses are substantially longer, averaging
466.58 characters (71.13 tokens) and 484.81 characters (77.42 tokens), respectively. The
shortest ChatGPT answer contains 51 tokens, and the shortest Gemini answer contains
54 tokens, compared with a human median of 22 tokens. These results indicate that LLM-
generated answers tend to provide longer explanations than human-authored responses
for the same questions.

Variation in answer length also differs across sources. Human answers show a higher
standard deviation in token length (15.22 tokens) compared to ChatGPT (9.60 tokens) and
Gemini (10.05 tokens), suggesting that human responses are more variable in length. In
contrast, LLM-generated answers have more concentrated length distributions. Figure 1
illustrates these differences through boxplots, with median lengths of 22 tokens for human
answers, 71 for ChatGPT, and 76 for Gemini.

Answer lengths by source

° 8

L =
T 1

100

80

oo

60

o
o
o
40

1o

human gpt gemini

Analysis tokens per answer

Figure 1. Boxplot comparison of answer lengths across human, ChatGPT, and Gemini responses.

In addition to length differences, lexical diversity was examined using the type-token
ratio (TTR), which measures the proportion of unique words relative to the total number of
tokens in a response. Table 4 summarizes the distribution of raw TTR across the three sources.
Human responses exhibit the highest average TTR (0.866), indicating a greater proportion
of unique words relative to response length. ChatGPT responses show a lower average TTR
(0.769), while Gemini responses display the lowest lexical diversity (0.718). Figure 2 shows
raw TTR in relation to answer length, with shorter answers generally exhibiting higher ratios.
Raw TTR was therefore examined alongside fixed-window MATTR values as presented in
Table 4.

Table 4. Descriptive statistics of answer length and lexical diversity across sources (n = 127
per source).

Source Metric Mean Std Min 25% Median 75% Max
Human Token Length 25.17 15.22 4 15 22 31 80
Human Type-Token Ratio 0.866 0.093 0.667 0.784 0.871 0.939 1.000
ChatGPT Token Length 71.13 9.60 51 63.5 71 77.5 105
ChatGPT Type-Token Ratio 0.769 0.044 0.662 0.739 0.776 0.803 0.868
Gemini Token Length 77.24 10.05 54 70 76 82 106
Gemini Type-Token Ratio 0.718 0.050 0.609 0.684 0.720 0.756 0.836
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Raw TTR and answer length
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Figure 2. Relationship between raw type-token ratio and answer length across sources.

The MATTR comparison produced a different ordering from raw TTR. Using 20-token
windows, the mean MATTR was 0.8725 for human answers, 0.9307 for ChatGPT, and 0.9120
for Gemini (Table 5). This comparison included 73 questions, with 54 excluded because
their human answers contained fewer than 20 tokens. Figure 3 shows the correspond-
ing distributions.

Table 5. Fixed-window lexical diversity across sources.

Window Size Source Count per Source Mean MATTR Std Median
20 tokens Human 73 0.8725 0.0624 0.8900
20 tokens ChatGPT 73 0.9307 0.0280 0.9333
20 tokens Gemini 73 0.9120 0.0320 0.9145
10 tokens Human 114 0.9432 0.0519 0.9596
10 tokens ChatGPT 114 0.9705 0.0160 0.9706
10 tokens Gemini 114 0.9637 0.0194 0.9658

Controlled vocabulary comparison (73 questions)

T _
1

e
©
vl

14
©
o

e
o
w

MATTR using 20-word windows

e
3
o

0.75 4

human gpt gemini
Figure 3. Distribution of MATTR using 20-token windows across the 73 eligible questions.

The 10-token analysis included 114 questions, excluding 13 with human answers below
the required length. Mean MATTR was 0.9432 for human answers, 0.9705 for ChatGPT, and
0.9637 for Gemini, as illustrated in Figure 4. Both window sizes, therefore, showed higher
average MATTR for model answers within their respective eligible samples. The higher
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raw TTR of human answers did not persist when vocabulary diversity was measured over
fixed-size windows.

Controlled vocabulary comparison (114 questions)

1.00 T

=}
o
vl

=}
o
1=}

MATTR using 10-word windows
e
@
v

0.80 4

o

hur;ian gpt gemini
Figure 4. Distribution of MATTR using 10-token windows across the 114 eligible questions.

4.2. Similarity Between Human and LLM Answers

To examine how closely LLM-generated responses resemble human-authored expla-
nations, similarity between answers was computed using TE-IDF vector representations
and cosine similarity. This approach measures the degree to which two answers share
similar lexical patterns within a vector-space representation of the text. Table 6 summa-
rizes the distribution of similarity scores between human answers and the corresponding
LLM responses. On average, Gemini responses show slightly higher similarity to human
answers (mean = 0.166) compared with ChatGPT responses (mean = 0.146). Median
similarity values follow a similar pattern, with Gemini reaching 0.163 and ChatGPT 0.147.
However, both distributions remain relatively low overall, indicating that although LLM
answers address the same questions, their lexical formulations often differ from human-
authored explanations.

Table 6. Summary statistics of TF-IDF cosine similarity between human-GPT and human—-Gemini
answer pairs.

. Human-GPT Human-Gemini
Statistic e . e .
Similarity Similarity
Count 127 127
Mean 0.146 0.166
Std. Dev. 0.077 0.086
Min 0.000 0.023
25th Percentile 0.087 0.103
Median (50%) 0.147 0.163
75th Percentile 0.194 0.224
Max 0417 0.441
Mean mismatched-question similarity 0.0590 0.0614
Mean same—ques.thn minus mismatched 0.0867 0.01043
similarity

The variability of similarity scores is comparable across the two models, with standard
deviations of 0.077 for ChatGPT and 0.086 for Gemini. The observed ranges further illustrate
the diversity of responses: similarity scores for ChatGPT vary from 0.000 to 0.417, while
Gemini responses range from 0.023 to 0.441. These ranges indicate variation in lexical overlap
across questions. A zero indicates no shared features in the fitted TF-IDF representation.
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The mismatched-question baseline provides context for the same-question scores.
Mean similarity between human and model answers to different questions was 0.0590
for ChatGPT and 0.0614 for Gemini. Same-question similarity exceeded these baseline
means by 0.0867 and 0.1043, respectively. Figure 5 shows the distribution of same-question
scores alongside the distribution of mean mismatched scores for each human answer.
Same-question scores extend across a wider range, while mean mismatched scores are
concentrated near the lower end of the scale.

gpt gemini

@
o

Same question
Mean mismatched

Same question
Mean mismatched

Questions
N w B w (=] ~
=} o o o o o
. L A s "

=
o

0.0 0.2

TF-IDF cosine similarity

o

0.4 0.6 0.8 1.0

TF-IDF cosine similarity

0.4 056 08 10 0.0 0.2
Figure 5. TF-IDF cosine similarity for the same question—answer pairs and mean mismatched-question
comparisons: ChatGPT on the left and Gemini on the right. Selected answer pairs illustrate the
observed range. For ChatGPT, the lowest similarity score occurred for a question about premature
drying of maize while still on the plant (0.000), and the highest concerned the effects of climate
change on maize flowering (0.417). For Gemini, the lowest score concerned the timing of thinning
maize plants (0.023), while the highest concerned maize growing taller under tree shade (0.441).
Overall, answers to the same question shared more vocabulary on average than mismatched answers,

with considerable variation between individual pairs.

4.3. Detectability of Answer Sources

To evaluate whether the textual differences observed in previous analyses translate into
detectable patterns, a supervised classification experiment was conducted using TF-IDF
features and a logistic regression classifier. All answers in the dataset were combined into a
single corpus of 381 responses, each labeled according to its source (human, ChatGPT, or
Gemini). The primary evaluation used five-fold cross-validation grouped by question, with
all three answers to a question kept together and TF-IDF fitted only on training answers.

The full-text classifier achieved an overall accuracy of 0.9633 and macro F1 of 0.9632.
The length-only classifier achieved 0.7192 accuracy, while the equal-length TF-IDF classifier
achieved 0.8058. All three exceeded the majority-class baseline accuracy of 0.3333. Table 7
and Figure 6 summarize these comparisons.

Table 7. Overall classification performance using pooled out-of-fold predictions.

Experiment

Conditional 95%
ClI for Macro F1

Conditional 95%

CI for Accuracy Macro F1

Accuracy

Majority-class baseline

0.3333 0.3333-0.3333 0.1667 0.1667-0.1667

Length-only classifier

0.7192 0.6772-0.7612 0.7215 0.6820-0.7618

Full text TF-IDF classifier

0.9633

0.9423-0.9816

0.9632

0.9420-0.9816

Equal-length TF-IDF classifier

0.8058

0.7638-0.8478

0.8058

0.7634-0.8471
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Figure 6. Out-of-fold source-classification accuracy across the four experiments, with conditional
95% bootstrap intervals. Accuracy decreased by 15.75 percentage points between the full-text and
equal-length experiments. Across individual folds, full-text accuracy ranged from 0.9359 to 0.9872,
compared with 0.7333 to 0.8590 for equal-length classification. The separate question-grouped holdout
evaluation produced the same ordering, with accuracies of 0.9479 for full text, 0.8021 for equal-length
text, and 0.6667 for length alone.

Source-specific results are presented in Table 8. Full-text F1 scores were 0.9551 for
human answers, 0.9542 for ChatGPT, and 0.9804 for Gemini. Corresponding equal-length
F1 scores were 0.8254, 0.8000, and 0.7920.

Table 8. Source-specific classification performance using pooled out-of-fold predictions.

Experiment Source Precision Recall F1 Score Support
Full text Human 0.9915 0.9213 0.9551 127
Full text ChatGPT 0.9259 0.9843 0.9542 127
Full text Gemini 0.9766 0.9843 0.9804 127

Equal length Human 0.8320 0.8189 0.8254 127
Equal length ChatGPT 0.7820 0.8189 0.8000 127
Equal length Gemini 0.8049 0.7795 0.7920 127

The confusion matrices in Figure 7 illustrate the classification results in greater detail.
The full-text classifier correctly identified 117 of 127 human answers, 125 ChatGPT answers,
and 125 Gemini answers. Eight human answers were classified as ChatGPT and two as
Gemini. One ChatGPT answer was classified as human and one as Gemini, while two
Gemini answers were classified as ChatGPT. The equal-length classifier correctly identified
104 human answers, 104 correctly identified ChatGPT answers, and 99 correctly identified
Gemini answers. The length-only classifier correctly identified 121 human answers but
showed greater confusion between the two model sources: 47 ChatGPT answers were
classified as Gemini, and 53 Gemini answers were classified as ChatGPT.

Beyond classification accuracy, the model also reveals lexical features that contribute
most strongly to distinguishing answer sources. In the full-text model fitted to the holdout
training set, Gemini responses are characterized by common function words and advisory

phrases such as “ushauri,” “vitendo,” and “wa vitendo.” In contrast, ChatGPT responses are

” i

characterized by tokens such as “muhimu,” “unaweza,” and “udongo,” reflecting explana-

tory phrasing patterns commonly used in generated responses. Human-authored answers
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are associated with more context-specific agricultural expressions, including “wadudu
wanaotoboa,” “madini,” and “usafi.”

length_only tfidf_full tfidf_equal_length

human human

gpt

True label

gpt

True label
True label

gemini gemini

human gpt gemini human gpt gemini human gpt gemini
Predicted label Predicted label Predicted label

Figure 7. Confusion matrices from pooled out-of-fold predictions for length-only classification (left),
full-text TF-IDF classification (center), and equal-length TE-IDF classification (right).

The phrase “ushauri wa vitendo” appeared in 123 of 127 Gemini answers (96.85%) and
in none of the human or ChatGPT answers. In the equal-length model, prominent Gemini-
associated features included “hasa,” “jambo,” and “jambo la.” ChatGPT-associated features
included “unaweza” and “ni muhimu,” while “mmea,” “kwa ajili,” and “inashauriwa”
were associated with human answers.

These results show that answer sources remained distinguishable in the equal-length
experiment, although classification performance was lower than for complete answers.
Answer length and repeated source-specific wording were also informative characteristics
within this dataset.

5. Discussion
5.1. Structural Differences Between Human and LLM Responses

This study investigated whether answers generated by LLMs in Swabhili agricultural
question-answering exhibit detectable differences from human-authored responses [45].
The results show differences across multiple textual dimensions, including answer length,
lexical diversity, lexical similarity, and source detectability. As demonstrated in Table 3 and
Figure 1, human-authored responses tend to be substantially shorter and more variable
in length than LLM-generated responses. In contrast, answers produced by ChatGPT and
Gemini are consistently longer and more uniform in length. Both models produced answers
approximately three times the average length of the human responses, despite receiving
repeated instructions to answer briefly and avoid unnecessary explanations. This suggests
that a general request for brevity was insufficient to bring generated answers close to the con-
cise explanations collected during fieldwork. Difficulties in controlling generated response
length have also been reported by Ref. [46], whose Ruler framework improved adherence to
specified length requirements. Their findings identify length control as a distinct challenge
in instruction-following. The present study demonstrates a related problem in Swahili
agricultural question answering: the models followed a common advisory prompt but
continued to produce substantially more text than the human reference responses. This
difference points to a gap between requesting farmer-oriented explanations and achieving
the compact response style represented in the fieldwork data.

The descriptive analysis further reveals differences in lexical diversity across answer
sources. As shown in Table 4 and Figure 2, human responses exhibit higher raw type-token
ratios than LLM-generated outputs. The fixed-window analyses, however, show higher
MATTR for both models across the 20-token and 10-token comparisons. Thus, the mod-
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els used more varied vocabulary within comparable stretches of text, while their longer
complete answers contained more repetition. Ref. [47] reported lower lexical richness in
ChatGPT answers than in human answers across their examined tasks. The present fixed-
window results show a different pattern, demonstrating that reduced vocabulary diversity
is not a consistent distinguishing characteristic of generated answers across datasets and
analytical measures. Here, the more persistent distinction is the models” extended presenta-
tion of information. The combined findings therefore characterize generated agricultural
explanations as longer responses containing locally varied vocabulary, rather than simply
as responses with a restricted vocabulary.

5.2. Lexical Similarity Between Human and LLM Answers

The similarity analysis provides further insight into how LLM-generated responses
relate to human-authored agricultural explanations [25,45]. As reported in Table 6 and illus-
trated in Figure 5, average TF-IDF cosine similarity was 0.146 for ChatGPT and 0.166 for Gem-
ini. These values were approximately 2.5 and 2.7 times their respective mismatched-question
baselines of 0.0590 and 0.0614. Corresponding answers therefore shared substantially more
vocabulary than answers to different maize questions, indicating a question-specific lexical
relationship within the broader agricultural domain. The combination of greater same-
question overlap and relatively low absolute similarity suggests that the sources draw
on shared agricultural terminology while organizing their explanations differently. This
distinction is relevant to reference-based evaluation: an answer can contain vocabulary
associated with the question while differing considerably from the wording of the collected
human response. Ref. [48], in developing BERTScore, similarly addressed the limitations
of exact lexical matching by comparing contextual representations of words. Their work
helps explain why differences in phrasing can produce limited lexical overlap even when
responses discuss related content. Gemini’s higher average similarity, together with its
longer answers, also shows that verbosity and lexical correspondence do not vary in a simple
inverse relationship. Longer explanations can retain more reference-associated terms while
remaining stylistically distinct. The contribution of this analysis is therefore to establish
that question-specific vocabulary persists alongside substantial differences in expression. In
Swahili agricultural IR, shared subject vocabulary alone does not make generated answers
resemble the concise explanations collected from farmers.

5.3. Detectability of Machine-Generated Agricultural Answers

The classification experiment demonstrates that these textual differences support
answer-source identification [35]. Using TF-IDF representations combined with logistic re-
gression, the model achieved an overall accuracy of 0.9633 under five-fold question-grouped
evaluation when predicting whether an answer was produced by a human, ChatGPT, or
Gemini. As illustrated in Figure 7 and summarized in Tables 7 and 8, 117 human an-
swers, 125 ChatGPT answers, and 125 Gemini answers were correctly classified out of
127 per source. Because all answers to a question remained within the same evaluation
fold, this performance reflects source identification on questions excluded from classifier
training. The comparison experiments reveal two contributions to this performance. Length
alone achieved 0.7192 accuracy and correctly identified 121 human answers, but frequently
confused ChatGPT and Gemini. Response length therefore provided a strong distinction
between the human and generated answers, whereas separating the two models required
additional lexical information. After truncating each question’s three answers to the same
token count, TF-IDF accuracy decreased to 0.8058, a reduction of 15.75 percentage points,
but remained above the 0.3333 baseline. The reduction indicates that answer length and the
content removed through truncation contributed to full-text detection, while the remain-
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ing performance demonstrates source-associated differences within equally long answer
segments. This pattern agrees with Ref. [49], who found that machine-text detectors were
sensitive to writing style and text complexity. The present experiments identify verbosity
as one such influential characteristic and demonstrate that lexical distinctions remain after
answer lengths are matched. This provides a more specific account of detectability than clas-
sification accuracy alone: the classifier benefits from both the extended form of generated
answers and differences in their wording.

Recurring expressions offer a concrete example. The phrase “ushauri wa vitendo”
occurred in 123 Gemini answers and in none of the human or ChatGPT answers. Ref. [50]
likewise investigated the overrepresentation of particular words in LLM outputs. Here,
the repeated phrase also appeared in the instruction, suggesting that Gemini’s response to
the shared prompt contributed a particularly distinctive source cue. This illustrates how
repeated advisory formulations can coexist with high vocabulary diversity within individual
answer segments. Multilingual detection research, including the Ref. [51] MULTITuDE
benchmark, has established the importance of evaluating detection across languages and
generators. The present study adds evidence from Swabhili, which was not included among
MULTITuDE’s 11 languages, using agricultural questions and human responses collected
through fieldwork. Its contribution is the demonstration that an interpretable classifier
can distinguish these three answer sources on unseen questions, together with evidence
explaining how verbosity and recurring lexical choices support that distinction.

5.4. Implications for Low-Resource Agricultural Information Retrieval

These findings have implications for the evaluation of conversational agricultural in-
formation systems [37,46—48]. In agricultural contexts, such systems have been proposed
as scalable tools for providing farmers with access to agronomic advice and decision sup-
port [46,47]. The present results identify a practical challenge in adapting these systems to
concise agricultural communication: repeated instructions requesting brief, direct advice
still produced substantially longer explanations than those collected during fieldwork. This
makes a response form an important part of evaluating whether an agricultural assistant
delivers information in the manner requested.

Ref. [52], studying climate-adaptation question answering in agriculture, found a
trade-off between presentation quality and epistemological accuracy, with domain experts
better able to recognize erroneous information. Their findings and the present results
address complementary aspects of agricultural answer evaluation. Whereas their work
examines the reliability of advisory content, this study shows that the form and wording of
generated advice remain systematically distinguishable from fieldwork-based human expla-
nations. Together, these findings support evaluating agricultural assistants through both
the substance of their advice and their adaptation to the intended communication setting.

Furthermore, the ability to detect machine-generated responses may support trans-
parency and governance in information systems. The strong performance of TF-IDF and
logistic regression provides an accessible basis for investigating provenance checks in Swahili
agricultural services. More broadly, the study shows that answering the same agricultural
questions in the same language does not produce comparable explanatory styles across
human and model sources. The persistence of detectable lexical differences after matching
answer lengths establishes that this divergence extends beyond verbosity, contributing
empirical evidence about how contemporary conversational systems express agricultural
information in Swahili.
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5.5. Limitations of the Study

Despite the contributions, this study has several potential several limitations. The
dataset used in this study is relatively small compared to standard IR benchmark collec-
tions and focuses on 127 Swahili maize-related questions collected in Morogoro, Tanzania.
Consequently, the findings may not fully generalize to other crops, agricultural contexts,
language varieties, or knowledge domains. Second, the analysis includes only two LLM
systems, ChatGPT (GPT-5.2) and Gemini 3 Pro, with one response collected per question.
The findings therefore reflect these model versions and the generation conditions used
in this study. Both systems received the same instruction, and questions were submitted
sequentially within a continuing conversation for each system. Repeated wording and
accumulated conversational context may have influenced the observed source patterns.

Third, human responses were recorded as notes and reviewed by agricultural ex-
perts, while model answers were generated as written explanations. These collection
differences may have influenced length and wording. Equal-length comparisons reduced
length differences, but truncation also removed content and could interrupt sentences.
Finally, TF-IDF captures lexical rather than contextual meaning; future work could explore
multilingual embeddings.

6. Conclusions

This study examined whether answers generated by LLMs in a low-resource agricul-
tural IR context exhibit detectable differences from human-authored responses. Using a
Swahili maize question-answer dataset collected through fieldwork in Morogoro, Tanzania,
the analysis compared human responses with answers generated by two contemporary con-
versational models, ChatGPT and Gemini. The study employed a combination of descriptive
textual analysis, lexical similarity measures, and supervised classification to investigate
differences in response structure and detectability. The results demonstrate consistent dif-
ferences between human and LLM-generated answers across multiple textual dimensions.
Human responses were generally shorter and exhibited greater lexical diversity, while LLM
responses were longer and more uniform in length despite repeated instructions to answer
briefly. Human answers had higher raw TTR, whereas both models showed greater lexical
diversity within fixed-size windows. Similarity analysis further showed corresponding hu-
man and model answers shared more vocabulary than mismatched answers, while retaining
substantial differences in wording. These differences were sufficiently systematic to enable
highly accurate classification of answer sources using simple TF-IDF representations and a
logistic regression model, achieving an overall accuracy of 0.9633 under question-grouped
cross-validation. Accuracy remained at 0.8058 after matching answer lengths, indicating
that source-associated lexical differences persisted beyond the original length differences.

These findings contribute to emerging research on the evaluation of generative in-
formation retrieval systems by demonstrating that LLM-generated responses can exhibit
detectable linguistic patterns in Swahili agricultural question answering. The comparison
experiments further identify how verbosity and lexical choices contribute to source detec-
tion. In agricultural information systems, where conversational assistants are increasingly
explored as tools for delivering agronomic guidance, understanding these differences is im-
portant for designing reliable and transparent information access mechanisms. Detectability
may also support practical applications such as auditing, monitoring, or labeling machine-
generated advisory content in deployed agricultural support systems. While the study
focuses on a relatively small dataset and a specific agricultural domain, it highlights the
importance of examining how generative models express agricultural information and re-
spond to requests for concise explanations in low-resource languages. Future research could
extend this work by analyzing larger multilingual agricultural datasets, incorporating addi-
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tional LLM prompting approaches, and exploring alternative semantic similarity methods
based on contextual embeddings. Such efforts would contribute to a more comprehensive
understanding of how generative conversational systems can be effectively integrated into
agricultural information retrieval environments.
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