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Abstract

Objective.

To estimate the sensitivity (Se) and specificity (Sp) of eye temperature (ET) and rectal temperature (RT)
for detecting abnormal temperature in kennel-housed dogs without a gold standard.

Methods.

This observational study was conducted at a single shelter, and included 238 visit-level observations
from 121 dogs (89 puppy-visits; 149 adult-visits). Tests were dichotomized using pre-specified reference
intervals. A hierarchical Bayesian latent-class model (BLCA) was fit with two subpopulations (puppy and
adult), a dog-level random intercept, and a dependence term between tests. Posterior draws were used
to estimate predictive values across pre-test probabilities and for combination rules (OR: any positive;
AND: both positive). Prior sensitivity analysis was conducted to evaluate the robustness of the results.

Results.

Posterior medians (95% credible interval) were: ET-Se 0.40 (0.10-0.73), ET-Sp 0.94 (0.89-0.99); RT-Se
0.32 (0.09-0.68), RT-Sp 0.99 (0.95-1.00).

Conclusions.

Ocular thermography and rectal thermometry demonstrated similar diagnostic performance. For both
tests, given the dog has abnormal core body temperature, the reading is more likely to be wrong. Given
the dog has a normal core body temperature, the reading is likely to be correct. Abnormal temperature
readings are informative, over wide range of clinical judgement on the likelihood that the dog’s core
temperature is abnormal. However normal readings are not informative over what was already known
based on clinical judgement.

Clinical Relevance.

Interpretation of readings of either test depend on an accurate assessment of the likelihood of abnormal
core body temperature based on clinical judgement.

Introduction

Clinical and field studies often must judge new screening tests without the benefit of a perfect reference
standard. In such settings, comparing a new assay to an imperfect test can affect accuracy, and mislead
decisions based on the test results. Bayesian latent class analysis (BLCA) provides a principled
alternative: it treats the true disease state as unobserved and infers test sensitivity (Se), specificity (Sp),
and prevalence jointly from the observed data, using prior knowledge to guide estimates. BLCA has been
applied in veterinary epidemiology where gold standards are often infeasible, unsafe, or ethically
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impractical.m? It has been used to estimate diagnostic test accuracy for a diverse range of pathogens,
including parasites, bacteria, and viruses, in various host species, often when a perfect reference test is

unavailable.37°

Hui—Walter framework is the simplest form of BLCA, two tests applied in two populations, it yields
identifiable estimates when three assumptions hold: (1) the populations differ in prevalence; (2) each
test’s sensitivity and specificity are constant across populations; and (3) the tests are conditionally
independent given the (latent) disease state.”2 As later authors emphasize, those assumptions are often
inconvenient in practice, especially the independence condition, and even the “two tests, two
populations” design sits at the boundary of identifiability where the number of free parameters matches
the degrees of freedom in the data.? If two tests share biological signal (for example, both share the
same pathophysiology), their errors tend to co-vary even after conditioning on disease status. Vacek
showed that ignoring such conditional dependence can substantially bias Se and Sp.? Subsequent
methodological work provide ways to parameterize dependence (e.g., covariance terms within diseased
and non-diseased),9 but also made clear that some dependence models are not identifiable from two
tests alone without further structure or prior information.® Bayesian modeling allows us to incorporate
prior knowledge about accuracy and prevalence, and to pass on that information with the likelihood into
posterior inferences.'%" In practice, posterior sampling is performed with Markov chain Monte Carlo
(MCMC) using flexible softwares such as WinBUGS or JAGS; convergence is assessed by diagnostics

applied to multiple chains. 31213

Previously we validated the thermal camera’s temporal stability and determined the reference range for

normal eye temperature (ET) readings in canines.’'® The objective of this study is to estimate the Se
and Sp of ET and rectal temperature (RT).

Material and Methods

All animal procedures were carried out following approval from the Institutional Animal Care and Use
Committee at Mississippi State University, with shelter management granting authorization for the
enrollment of dogs housed in their facility. The study was conducted at a single animal shelter and to
simulate a realistic, low-stress screening scenario, all measurements were performed while dogs
remained in their kennels. Individual animals were identified by a shelter ID, which allowed for the linkage
of repeated observations across multiple visit days. The dogs in this study didn't have any evidence of
ocular disease.

Thermal imaging

Prior to each imaging session, ambient temperature and humidity were recorded using a digital
thermometer-hygrometer (INKPET, accuracy + 1.0°C and + 5% RH). These environmental values were
recorded in the dataset and used to set the environmental parameters on the thermal camera.
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Ocular temperatures were measured using a Fotric 347A infrared camera. For all measurements,
emissivity was set to 0.98, while standing in the aisle at a distance of approximately 60 cm from the dog.
Thermal images were captured from the kennel aisle, with the camera aimed at the dog's eyes. If animal
movement prevented a clear still image, a short video was recorded to ensure a usable frame could be
obtained.

Rectal thermometry

At the end of the imaging process for a given visit, RT was obtained while the dog remained in the
kennel. While the animals were not moved from their kennel environment, adigital probe thermometer
was properly lubricated and then inserted to a uniform depth in the rectum. To prevent sudden
movement and ensure safety, the animal was held in a natural standing position by a member of the
research team. The thermometer remained in place until a final, stable value was indicated by an audible
signal.

Image processing

All images and videos were processed in AnalyzIR Mercury. For images, we extracted the maximum ET
detected in either eye and used that value for analysis. For videos, the first clear, in-focus frame of an eye
was identified, and the maximum temperature from that single frame was recorded.

Bayesian latent class model

We used a hierarchical BLCA to estimate the diagnostic Se and Sp of ET (Test 1) and RT (Test 2) for
detecting abnormal body temperature in the absence of a perfect gold standard. The latent outcome was
the presence of abnormal body temperature (outside reference interval) at the time of sampling. Tests
were recorded as binary outcomes (abnormal temperature = test positive, normal temperature = test
negative). A positive ET test was defined as an ET outside the normal range, with hypothermia defined as
< 35.0°C and hyperthermia defined as >38.5°C."° A positive RT test was defined as a RT outside the
normal range, with hypothermia defined as < 37.7°C and hyperthermia defined as >39.5°C."® Each
observation is a dog-visit (a dog measured on a specific sampling day). Some dogs were seen on
multiple days; therefore, we modeled outcomes at the visit level and included a dog random intercept to
capture within-dog correlation. We used the classic two-test/latent-class framework (Hui-Walter)” with
two subpopulations (puppy vs adults), and allowed conditional dependence via disease-specific (DevD =
deviation from independence in diseased group) and healthy-specific (DevH = deviation from
independence in healthy group) covariance terms, as both ET and RT can be influenced by shared
physiological pathways.®!” Puppies and adults were modeled as two subpopulations following the Hui-
Walter framework. Although their historical abnormal body temperature prevalence estimates were
similar, age group was retained as a grouping factor to allow for potential biological and measurement-
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related differences in temperature regulation, and to permit group-specific prior information on
prevalence. This two-population formulation also facilitated the hierarchical structure of the Bayesian
model, allowing prevalence and test accuracy parameters to be estimated with appropriate uncertainty
for each age group.

Priors

Due to a lack of prior information in the literature for this specific application, weakly informative (Beta
(2, 2)) priors were initially assigned to the Se and Sp parameters for both tests. After prior predictive
checks, we planned sensitivity runs with alternative weakly informative priors.'® Group-specific
prevalence priors were centered on historical estimates from the same shelter (puppies m, = 0.125;
adults m, = 0.134).

Likelihood

We modeled each shelter visit as a four-level outcome representing the joint ET and RT test pattern:
(ET-/RT-), (ET-/RT+), (ET+/RT-), and (ET+/RT+). For visit i, the latent probability of abnormal
temperature was modeled on the logit scale as logit(p[i]) = p[groupli]] + u[dog][i]], where p[group] is the
group-specific baseline prevalence for puppies versus adults, and u[dog] is a dog-level random effect to
account for repeated measures and unobserved heterogeneity. Given disease status, the 2x2 cell
probabilities were parameterized by test sensitivities and specificities, with conditional dependence
incorporated via DevD and DevH states. The observed four-pattern outcome was then linked to the latent
disease state using a collapsed-mixture categorical likelihood, in which each pattern probability is a
weighted sum of the diseased and non-diseased cell probabilities, with weights pl[i] and 1 - pli].

Computation and diagnostics

Models were implemented in JAGS 4.3.1 via rjags'®, with three chains, 2,000 adaptation iterations,
20,000 burn-in iterations, and 80,000 sampling iterations thinned by 5 (per chain). Convergence was
assessed using trace plots, and Gelman—Rubin R-hat (< 1.1 considered acceptable).

We also converted the posterior distributions of Se and Sp from the BLCA into post-test probabilities. For
each MCMC draw (by age group), we computed likelihood ratios LR + = Se/(1 - Sp) and LR-=(1 - Se)/Sp,
and then obtained positive predictive value (PPV) and negative predictive value (NPV); we then plotted
the posterior medians and 95% credible intervals of PPV/NPV against pre-test probability for each
test/rule.

Sensitivity analyses
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We conducted targeted prior sensitivity by shifting the means of the Beta priors Se shifts for both RT and
ET: +10 and # 20, percentage points (pp). Spgt shifts: =10, + 5 pp and Spgr shifts: -10, + 5 pp. Prevalence
shifts: -5, + 10, +20 pp.

Results

In this study 238 visit-level observations from 121 dogs (puppy-visits = 89 from 58 dogs; adult-visits =
149 from 64 dogs; one dog contributed to both categories) were analyzed. Observed test results were:
ET +20/238 (8.4%), RT + 8/238 (3.4%). Joint patterns were: ET-/RT- 210/238 (88.2%), ET-/RT + 8/238
(3.4%), ET+/RT—- 20/238 (8.4%), ET+/RT + 0/238 (0%). Among the abnormal ET values, 2/20 (10%) were
hypothermia and 18/20 (90%) were hyperthermia. Regarding the abnormal RT values, 5/8 (62.5%) were
hypothermia and 3/8 (37.5%) were hyperthermia.

Prior-predictive simulations indicated a mismatch for flat priors Beta (2,2). Therefore, we adopted weakly
informative priors for Se (Segrgr ~ Beta (3.5, 3.5)) and mildly informative priors for Sp (Spet ~ Beta
(10.8, 1.2); Spgr ~ Beta (13.95, 1.05)) which yielded prior predictions covering the observed margins and
patterns. Regarding prevalence prior, to avoid an overly informative prior dominating a BLCA and to
reflect possible non-exchangeability with the current cohort, we reduced the effective sample size to =
20 after prior predictive checks (1, ~ Beta(2.50, 17.50); 1, ~ Beta(2.68, 17.32)), retaining the same
means but widening uncertainty relative to the original stronger priors (1, ~ Beta(24.78, 173.47); i, ~
Beta(19.82, 127.84)).

Posterior summaries

The hierarchical BLCA was fit at the visit level using a four-category joint-test likelihood with dog-specific
random effects on prevalence. Convergence was met for all monitored parameters (R-hat = 1.00; large
effective sample sizes), and trace/density plots showed stable mixing.

Regarding ET, posterior median sensitivity was 0.4, while specificity was 0.94. Thus, ET tended to be
highly specific but relatively low-sensitivity at the chosen threshold. For RT, posterior median sensitivity
was 0.32 and specificity was 0.99. RT was very specific but, like ET, showed modest sensitivity given the
mentioned reference interval (Table 1). Using a hierarchical model with a dog-level random effect, we
report two prevalence summaries. The population-average prevalence (for a randomly selected dog) was
10.2% in puppies and 10.8% in adults. The corresponding typical-dog prevalence (model parameter: the
prevalence if every dog were exactly average), was 8.7% in puppies and 9.3% in adults (Table 2). The
slightly higher population averages reflect between-dog heterogeneity in underlying risk (sd = 0.58).
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Table 1
Posterior summaries for sensitivity (sn), specificity (sp), prevalence, random effects, and dependence

parameters
Parameter Mean Median 195 u95 ESS rhat
SeT 0.402 0.399 0.1 0.728 26376 1
Sp1 0.942 0.941 0.887 0.996 20895 1
Se2 0.34 0.321 0.0895 0.682 24761 1
Sp2 0.985 0.989 0.953 1 27534 1
pi[1] 0.0873 0.0806 0.0221 0.191 40717 1
pi[2] 0.093 0.0856 0.0224 0.206 26056 1
sd_u 0.58 0.492 0.023 1.64 29208 1
DevD -0.0687 -0.0639 -0.194 0.0447 37348 1
DevH 0.00266 0.00169 -0.00069 0.0112 47404 1

This table presents posterior summaries from the model, including estimates of sensitivity (Se),
specificity (Sp), baseline prevalence (n[1], m[2]) for puppies and adults, dog-level random effect
standard deviation (sd_u), and deviation-from-independence terms (DevD for disease-positive, DevH
for disease-negative). For each parameter, the mean, median, 95% credible interval (195, u95),
effective sample size (ESS), and R-hat (R) convergence statistic are reported. These values provide a
summary of model estimates and their associated uncertainty.

Prevalence summaries by age grougaubrjgezr the hierarchical latent-class model
Estimand Group Mean 195 u9s
baseline_u, Puppy 0.0873 0.0221 0.191
baseline_u, Adult 0.093 0.0224 0.206
new_dog Puppy 0.102 0.0271 0.219
new_dog Adult 0.108 0.0268 0.234

This table presents posterior prevalence estimates for puppies and adult dogs under the hierarchical
latent-class model. The baseline_u, values represent the prevalence for a “typical” dog within each

group (1), accounting for the dog-level random effect. The new_dog values represent the population-

average prevalence, integrating over the between-dog variability. For each estimate, the posterior
mean and 95% credible interval (195, u95) are reported.

Post-test probabilities

The posterior probability of abnormal temperature in this population given each test pattern was: both
tests negative 0.03; only RT+, 0.8; only ET + 0.4, and both positive, 0.7 (Tables 3 and 4). Across the full
range of pre-test probabilities, rectal testing and the AND (both+) rule provided the strongest rule-in

Page 7/16




evidence (higher PPV), with uncertainty bands reflecting posterior credible intervals. NPV changed little
as the pre-test probability changed, which means a negative result adds little extra rule-out value at the
observed baseline risk (Fig. 1). Likelihood-ratio analysis showed Rectal provided the strongest rule-in
evidence (largest median LR+), with AND (both +) second and OR/Eye providing only moderate LR+. For
ruling out, OR (any +) had the smallest LR-, rectal and eye were intermediate, and AND did not
meaningfully reduce LR- (median near 1) (Fig. 2).

Posterior probability of abnorr:aatI)LGOzy temperature by test pattern.

Pattern description Group Mean Median 195 u9s

ET- RT- Puppy 0.0405 0.0298 0.00222 0.141
ET- RT- Adult 0.0414 0.031 0.00229 0.141
ET- RT- overall_visit 0.0409 0.032 0.00266 0.13

ET- RT+ Puppy 0.713 0.811 0.0926 0.997
ET- RT+ Adult 0.723 0.805 0.135 0.997
ET- RT+ overall_visit 0.728 0.811 0.141 0.997
ET +, RT- Puppy 0.422 0.374 0.0391 0.978
ET + RT- Adult 0.431 0.383 0.0274 0.984
ET +, RT - overall_visit 0.433 0.384 0.0372 0.982
ET+ RT + Puppy 0.616 0.66 0.0772 0.986
ET+ RT + Adult 0.623 0.665 0.0894 0.985
ET+ RT + overall_visit 0.629 0.672 0.0989 0.985

This table presents the posterior probability of abnormal body temperature for each combination of
ET (eye temperature) and RT (rectal temperature) results under the hierarchical Bayesian latent-class
model. Probabilities are reported separately for puppies, adults, and pooled across all visits
overall_visit). For each group and test pattern, the posterior mean, median, and 95% credible interval
195, u95) are shown. Values indicate that an RT+ result alone produces the largest increase in post-
test probability, whereas two negative test results (ET-, RT-) maintain a low probability of abnormal
temperature.
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Table 4
Positive and negative predictive values for simple decision rules at observed prevalence.

Rule PPV_median PPV_I95 PPV_u95 NPV_median NPV_I95 NPV_u95
OR (any 0.509 0.189 0.899 0.968 0.87 0.997
positive)

AND (both 0.672 0.0989 0.985 0.907 0.802 0.966
positive)

This table shows the posterior median and 95% credible intervals (Crl) of positive predictive value
(PPV) and negative predictive value (NPV) for two simple decision rules combining ET and RT
results: OR (any positive) and AND (both positive). At the observed prevalence, the OR rule
maximizes NPV, indicating that a negative result on both tests reliably rules out abnormal
temperature, whereas the AND rule maximizes PPV, indicating that both tests positive strongly
suggest abnormal temperature.

Sensitivity analyses:

We evaluated 15 prior scenarios targeted shifts in test Se/Sp and group prevalence, under the same
dependence prior as the baseline. The planned + 5 pp shift for Spgy resulted in computational instability.

Therefore, we used the closest feasible shift of + 4 pp. This minor adjustment does not materially affect
posterior estimates or substantive conclusions and ensured model convergence. Prior sensitivity was
summarized by identifying, (for each core parameter = Segr, Spet, Segr, SPrT: Thuppy: Madutt) the three prior
scenarios that produced the largest absolute shift in the posterior median relative to the baseline fit.
Results are shown in table S1 and report the scenario, the posterior median (95% Crl), the baseline
median, and the signed difference (A). Large shifts were confined to parameters whose priors were
changed directly and to prevalence. Segt moved by - 0.225 and + 0.188 under + 20-pp Seg prior shifts,
with a smaller cross-effect from Prevalence + 20pp (- 0.124). Segy increased by + 0.197 with Seg +20
point and decreased by - 0.161 with Segr -20 pp, while Prevalence + 20 pp pulled its median down (-
0.181). Specificities were robust: Spgr changed by at most +0.030 and Spgr within - 0.019 to + 0.008

across all scenarios. Prevalence medians responded as expected to direct prevalence prior shifts (e.g.,
Prevalence + 20 point raised 1, and , by + 0.155 and + 0.171, respectively).

Discussion

Beyond laboratory tests, non-invasive tools such as IRT can complement decision-making by monitoring

health status in dogs: for example, surface temperatures rise more after defense than obedience
exercises and remain elevated in distal limbs, patterns consistent with thermoregulation after exertion.2°
Recent field work also links ocular and nasal thermal metrics to physiologic indicators, underscoring

IRT’s potential as an adjunct for welfare and performance monitoring.?’

In veterinary epidemiology, diagnostic tests add value only when they change what we do for patients.
Misuse and overuse of tests remain common pitfalls when Sn, Sp, and predictive values are considered
in isolation or without regard to case mix and prevalence, which can inflate false positives or false
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negatives and ultimately affect decision quality.?%?® As McKenzie argues, clinicians must pair knowledge
of test characteristics with the clinical context and explicitly think in terms of Bayesian updating, linking
Se, Sp, likelihood ratios, prevalence, and predictive values, to avoid both misdiagnosis and overdiagnosis.
Positive and negative likelihood ratios are particularly useful because they quantify how much a result

shifts disease probability; by contrast, predictive values depend on the underlying prevalence and can
h.22

mislead when pre-test probability is very low or very hig
Taken together, rational testing in veterinary epidemiology requires aligning test choice with pre-test
probability, using likelihood ratios to update that probability, and integrating emerging physiologic
measures when they provide actionable, patient-centered information.

In this study, our aim was to estimate accuracy of ET/RT without a gold standard in shelter dogs using a
hierarchical BLCA in JAGS."3 The BLCA with two subpopulations (puppies vs adults) and dog-level
random effects yielded convergent, well-mixed posterior distributions and a consistent qualitative
picture: both tests were highly specific, whereas sensitivities were modest with wide uncertainty.

Kennel-side screening minimizes handling time and stress while enabling frequent checks. Although ET
is appealing as a fully non-contact screen, its posterior sensitivity was low with wide intervals. That is
consistent with the broader veterinary thermography literature, which highlights substantial biological
and environmental variability and recommends cautious clinical integration of infrared measures as

adjuncts rather than replacements for core vital signs.?42°

We adopted the classical Hui—-Walter two-test/two-population framework to estimate test accuracy
without a gold standard” and allowed for conditional dependence between ET and RT in the diseased

and healthy strata.’!” Conditional dependence is epidemiologically plausible because both measures
can respond to shared physiologic processes. When this dependence is ignored, sensitivity or specificity
can be biased.®?

Although the Hui—Walter model assumes that the compared populations differ in disease prevalence,
the observed prevalence of abnormal temperature among puppies and adults were similar in both the
historical and current datasets. This limits strict identifiability under the original Hui—Walter framework.
However, the use of informative priors and a hierarchical Bayesian formulation allowed the model to
borrow strength across levels and generate coherent posterior estimates. The close similarity in
prevalence also suggests that, within this shelter population, age group might not be a strong
determinant of temperature abnormalities, an observation that might have biological meaning as well as
methodological implications.

We estimated post-test probabilities assuming both tests are done on every visit. In a serial testing ET-
first workflow, RT would only follow ET+, so ET-/RT+ would not occur and its probability is not relevant
for that pathway. Because ET was only moderately sensitive, an ET-first strategy could miss some RT+
dogs after an ET- screen. Our model also suggested slight negative dependence among positives (DevD
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< 0), making concurrent-positive results less common. As a result, in the parallel analysis ET-/RT+
carried a higher post-test probability than ET+/RT+. These statements are based on our chosen
thresholds, other cut points would shift Se and Sp.

Abnormal temperatures were rare in this cohort, with only 20 ET positives and 8 RT positives. ET
detected a larger number of abnormalities than RT, and the nature of abnormalities differed: ET largely
captured hyperthermia, while RT largely captured hypothermia. We speculate on several hypotheses that
might explain these patterns. First, ET might be inherently more sensitive to transient or peripheral
temperature changes, as the eye surface might respond more rapidly to environmental and physiological
stressors, whereas RT reflects core body temperature and might be more stable. Second, hyperthermic
events might manifest more readily at the periphery than hypothermic events, resulting in ET detecting
more hyperthermia than RT. Third, measurement factors might play a role: ET is non-invasive and faster,
potentially allowing earlier detection of elevated temperatures, whereas RT measurement might be
influenced by probe placement, rectal contents, or stress-related vasoconstriction that dampens
extremes. These biological and technical considerations suggest that ET and RT might provide
complementary information, but also highlight limitations in estimating Sn for rare outcomes,
particularly for RT. In our BLCA, RT test performance (high Sp, modest Se) and posterior positive and
negative predictive values were similar to ET. So as with ET, a single negative RT should not be over-
interpreted. Because test results with abnormal temperature were rare, we have limited information to
estimate Se, so the credible intervals around our Se estimates were wide and should be interpreted with
caution.? Across the range of pre-test probabilities, the NPV curve was nearly linear, indicating that a
negative result provided little additional information beyond the clinician prior assessment of the
likelihood of abnormal temperature. However, positive results are likely correct and more informative
when the clinician has suspicions that the dog has abnormal temperature.

In summary, a hierarchical BLCA with careful prior-predictive checks and dependence modeling provides
a credible, estimate of ET and RT diagnostic accuracy in a real-world condition. This study was
conducted in a single shelter, which might limit the generalizability of the findings. Expanding the study
to multiple settings with varying populations and environmental conditions could provide more robust
estimates of test performance and allow better evaluation of age and site-specific differences in
temperature abnormalities. Such studies would also allow hierarchical BLCA models to assess test
accuracy across a wider range of populations, potentially improving the precision and generalizability of
the estimates.
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Figure 1

Posterior predictive values by pre-test probability for individual and combined tests. This figure shows
the relationship between pre-test probability and posterior predictive values for detecting abnormal body
temperature under the hierarchical Bayesian latent-class model. Individual tests include eye temperature
(ET) and rectal temperature (RT), and combination rules include OR (any positive) and AND (both
positive). Dashed lines represent the positive predictive value (PPV) after a positive test, solid lines
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represent the negative predictive value (NPV) after a negative test, and shaded areas depict the 95%
credible intervals. This visualization allows assessment of how test performance varies across different
assumed pre-test probabilities.
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Figure 2

Posterior likelihood ratios for individual tests and combination rules. This figure presents likelihood
ratios for detecting abnormal body temperature under the hierarchical Bayesian latent-class model.
Points show posterior medians, and horizontal bars represent 95% credible intervals for negative
likelihood ratios (LR-, left panel) and positive likelihood ratios (LR+, right panel) on a logarithmic scale.
Vertical dashed lines indicate LR = 1, which represents no diagnostic information, while dotted reference
lines correspond to conventional thresholds for strong evidence (LR- = 0.1, LR+ = 10). This visualization
highlights the comparative strength of individual tests (Eye Temperature, Rectal Temperature) and
decision rules (OR, AND).
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