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ABSTRACT

Background: Depressive disorders represent a leading cause of disability in primary-care settings globally, yet conventional
antidepressant prescribing relies predominantly on trial-and-error approaches that delay remission and increase adverse-effect
exposure. Artificial intelligence (AI)-based decision-support systems offer a mechanism for personalising medication selection by
integrating patient-specific clinical data, but randomised evidence from real-world primary-care settings, particularly in low- and
middle-income countries, remains absent. Objective: To compare Al-guided antidepressant selection with usual clinician-directed
care on remission rates, adverse-effect burden, and time-to-clinical response among adults with depressive disorders in primary
care. Methods: A prospective, parallel-group randomised controlled trial was conducted in primary-care clinics across South
Punjab, Pakistan. Eighty-four adults (aged 18-65 years) with PHQ-9 scores > 10 initiating or switching antidepressant therapy were
randomised 1:1 to Al-guided medication selection (n = 42) or usual care (n = 42). The Al tool integrated baseline symptom profiles,
comorbidity data, and prior treatment history to generate individualised first-line antidepressant recommendations. Depressive
severity was assessed using the PHQ-9 at baseline and at weeks 2, 4, 6, and 8; remission was defined as PHQ-9 < 4; clinical response
as = 50% PHQ-9 reduction from baseline; and adverse effects were measured using the FIBSER scale. Outcomes were analysed
using independent-samples t-tests, chi-square tests, repeated-measures ANOVA, and effect sizes reported as Cohen's d. Results: At
week eight, mean PHQ-9 score was significantly lower in the Al-guided group (6.16 + 2.4 vs 8.47 + 2.9; mean difference 2.31, 95%
CI: 1.23-3.39; p < 0.001; d = 0.88). Remission was achieved by 61.9% of Al-guided participants versus 38.1% in usual care (RR =
1.63, 95% CI: 1.04-2.54; p = 0.029). Mean time to clinical response was 3.14 + 0.9 versus 4.86 + 1.1 weeks (difference 1.72 weeks,
95% CI: 1.29-2.15; p < 0.001; d = 1.73). Adverse-effect burden was significantly lower in the Al-guided arm (FIBSER: 3.16 + 1.2 vs
4.80 + 1.4; p < 0.001; d = 1.25). No serious adverse events were recorded in either group. Conclusion: Al-guided antidepressant
selection improved remission rates reduced adverse-effect burden, and accelerated clinical response compared with usual care,
with consistently large effect sizes across all outcome domains. These findings support integration of Al-based decision-support
tools to enhance personalised depression treatment in resource-limited primary-care settings. Keywords: Algorithms;
Antidepressive agents; Artificial intelligence; Clinical decision support; Depression; Patient Health Questionnaire-9; Primary
health care; Randomised controlled trial; Treatment outcome.
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INTRODUCTION

Major depressive disorder (MDD) ranks among the most prevalent and disabling conditions encountered
in primary-care settings globally, where the majority of affected individuals first present for help.
According to the World Health Organization, depression affects more than 280 million people worldwide
and constitutes a leading cause of years lived with disability (1). In low- and middle-income countries,

including Pakistan, the burden is particularly pronounced: community-based surveys consistently report
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prevalence rates of moderate-to-severe depression exceeding 30% among primary-care attendees, yet
specialist psychiatric services remain geographically and economically inaccessible for the majority of
this population (2). Primary care therefore serves not merely as a point of first contact but, for many
patients, as the principal and sustained setting for depression management, a reality that places
exceptional demands on generalist clinicians operating with limited time and specialist support (3).

Despite the availability of multiple antidepressant drug classes, selective serotonin reuptake inhibitors
(SSRIs), serotonin-norepinephrine reuptake inhibitors (SNRIs), tricyclic antidepressants, and others,
clinical outcomes after an initial treatment trial remain disappointingly modest. Landmark pragmatic
studies such as the Sequenced Treatment Alternatives to Relieve Depression (STAR*D) trial
demonstrated that remission on a first antidepressant is achieved in fewer than one-third of patients, and
that a substantial proportion require sequential medication changes before sustaining recovery (4). This
persistent efficacy gap reflects, in part, the heterogeneity of depressive presentations: inter-individual
differences in symptom profiles, comorbid anxiety, medical burden, prior treatment exposure, and
pharmacokinetic variation all influence response, yet these variables are rarely systematically integrated
into routine prescribing decisions (5). Residual symptoms following an inadequate initial trial are
strongly associated with relapse, functional impairment, and diminished quality of life, outcomes that
carry substantial personal and societal cost (6).

Current antidepressant prescribing in primary care is largely guided by clinician experience, tolerance
for side effects, cost, and population-level guidelines rather than any formal prediction of individual
response. This pragmatic approach is understandable given the time constraints of busy clinical
environments, but it is structurally limited by trial-and-error decision-making (7). Patients who do not
respond to or tolerate an initial agent must wait through an additional adjustment period, typically four
to six weeks, before an alternative can be meaningfully evaluated. Each failed trial not only extends the
duration of partially treated or untreated depression but also erodes patient confidence in treatment,
increases the risk of discontinuation, and compounds adverse-effect exposure (8). From both a patient-
centered and systems perspective, reducing this prescribing inefficiency represents a high-priority
clinical need.

Advances in artificial intelligence (AI) and machine learning have opened substantive new possibilities
for clinical decision support in psychiatry. By processing large volumes of heterogeneous patient-level
data, including demographic variables, symptom severity scores, comorbidity profiles, prior treatment
histories, and where available, biomarker or pharmacogenomic data, Al-based systems can identify
patterns of treatment response that exceed the discriminative capacity of unaided clinical judgment (9).
In contrast to static guideline recommendations, which represent population-level averages, Al-guided
tools can generate individualized, ranked medication recommendations that account for patient-specific
characteristics (10). Early algorithmic and pharmacogenomics-informed approaches to antidepressant
selection have demonstrated promising results: a large observational study by Hain and colleagues
reported that pharmacogenomic-guided prescribing was associated with significantly higher initial
remission rates compared to treatment-as-usual among patients with MDD (11). Similarly, systematic
reviews of biomarker- and algorithm-assisted treatment selection in psychiatry have suggested that data-
informed guidance may reduce the number of medication trials required before remission and improve
tolerability by avoiding poorly matched agents (12).

Nevertheless, critical evidence gaps remain. The majority of existing studies on Al-assisted
antidepressant selection have been conducted in highly controlled research environments or specialist
psychiatric outpatient settings, where patient populations, clinical resources, and monitoring intensity
differ substantially from routine primary care (13). Generalizability to the resource-constrained, high-
volume primary-care environment, particularly in settings such as Pakistan, has not been established.
Moreover, most prior work has focused narrowly on symptom reduction as the sole outcome metric,

without systematically evaluating tolerability or time-to-response. Adverse effects, including
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gastrointestinal disturbance, sedation, sexual dysfunction, and emotional blunting, are among the most
common reasons for antidepressant discontinuation even when partial symptomatic improvement is
present (14). An intervention that enhances remission but increases adverse-effect burden would offer
limited real-world value. Similarly, the time interval between treatment initiation and meaningful
symptom relief, rarely foregrounded in clinical trials, is of direct importance to patients and clinicians,
given the functional, psychological, and safety risks associated with protracted symptomatic periods (15).

There is therefore a clear need for prospectively designed, randomized evidence evaluating Al-guided
antidepressant selection in authentic primary-care populations, using outcomes that comprehensively
capture clinical effectiveness, tolerability, and speed of response. Such evidence would also provide an
empirical basis for determining whether algorithmic decision support can be feasibly and responsibly
integrated into primary-care workflows without supplanting clinical judgment or undermining the
therapeutic relationship (16). Against this background, the present randomized controlled trial was
designed with the following objective: to compare the effectiveness of an Al-guided antidepressant
decision-support intervention versus usual clinician-directed care in improving remission rates,
reducing adverse-effect burden, and shortening time-to-clinical response among adults with moderate-
to-moderately-severe depressive disorders attending primary-care clinics in South Punjab, Pakistan.

MATERIALS AND METHODS

This study was conducted as a prospective, parallel-group, randomized controlled trial in primary-care
outpatient clinics across South Punjab, Pakistan, over a six-month period from January to June 2024. The
trial adhered to the principles of the Declaration of Helsinki and was approved by the Institutional
Review Board of the participating institution. Informed written consent was obtained from all
participants prior to enrolment, and all data were collected, stored, and managed according to applicable
data protection standards. A parallel-group design was selected to allow direct head-to-head comparison
of the Al-guided and usual-care strategies under routine clinical conditions, maximizing external
validity in real-world primary-care practice.

Participants were recruited consecutively from primary-care outpatient visits. Adults aged 18 to 65 years
were eligible if they met DSM-5 diagnostic criteria for a depressive disorder (major depressive disorder,
persistent depressive disorder, or unspecified depressive disorder), had a baseline Patient Health
Questionnaire-9 (PHQ-9) score of 10 or greater (indicating at least moderate severity), and were initiating
or switching antidepressant pharmacotherapy at the time of enrolment. Individuals were excluded if
they had a confirmed or suspected diagnosis of bipolar disorder or a primary psychotic disorder, active
substance use disorder meeting DSM-5 dependence criteria, severe cognitive impairment precluding
informed consent, current pregnancy, or were already receiving antidepressant polypharmacy at
baseline. Patients requiring immediate psychiatric referral due to active suicidal ideation with plan or
intent, or significant medical comorbidity requiring hospital-level management, were also excluded to
ensure participant safety and clinical homogeneity (17).

A total sample size of 84 participants was targeted, based on a two-sided independent-samples t-test
power calculation assuming a clinically meaningful between-group difference in PHQ-9 score at week
eight of 2.5 points (consistent with the minimum clinically important difference established for the PHQ-
9 in primary-care populations (18)), a pooled standard deviation of approximately 3.0, an alpha level of
0.05, and 80% power. This calculation yielded a minimum of 37 participants per arm; the sample was
rounded upward to 42 per arm (total n = 84) to accommodate potential attrition and ensure adequate
precision. Participants were randomly allocated in a 1:1 ratio to either the Al-guided intervention or the
usual-care group using a computer-generated randomization sequence created by an independent
statistician prior to study commencement. Allocation was concealed using sequentially numbered,
sealed, opaque envelopes, which were opened by the enrolling clinician only at the point of confirmed

eligibility and after baseline assessment was complete. While participant blinding was not feasible given
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the nature of the intervention, all PHQ-9 assessments and adverse-effect evaluations were conducted by

a research assistant who was masked to treatment allocation throughout the follow-up period.

The Al-guided intervention arm utilized a validated symptom-profile-based decision-support algorithm
integrated into the clinical workflow via a structured data-entry interface at the point of care. The system
accepted the following inputs: patient age, sex, baseline PHQ-9 total score and item-level responses (to
capture symptomatic subtype, e.g., predominant insomnia, psychomotor features, somatic burden),
presence of comorbid anxiety (measured by GAD-7), prior antidepressant exposure and associated
outcomes, and clinician-rated medical comorbidity. Based on these inputs, the algorithm generated a
ranked list of recommended first-line antidepressants drawn from locally available formulary options,
prioritizing agents with the highest predicted probability of response and tolerability for the individual
patient profile. The treating clinician reviewed the recommendation and retained full prescribing
authority; adherence to the algorithm recommendation or departure from it was recorded. In the usual-
care arm, antidepressant selection was determined entirely at the discretion of the treating clinician
according to standard practice, without access to Al-generated recommendations. Both arms received
equivalent clinical contact time and follow-up scheduling to minimize performance bias attributable to
differential attention.

Baseline data collection included age, sex, duration of current depressive episode, educational
attainment, employment status, presence of comorbid anxiety disorder, relevant medical comorbidities,
and prior antidepressant exposure. The primary outcome was depressive symptom severity and
remission status at week eight, assessed using the PHQ-9. Remission was defined a priori as a PHQ-9
total score of 4 or below, consistent with established clinical thresholds for remission in primary care
(19). Secondary outcomes included time-to-clinical response, defined as the number of weeks from
treatment initiation to the first assessment at which a clinically significant reduction in PHQ-9 score
(50% or greater reduction from baseline) was recorded; and cumulative adverse-effect burden, measured
at each follow-up visit using the Frequency, Intensity, and Burden of Side Effects Rating (FIBSER) scale,
a validated three-item self-report instrument assessing frequency, intensity, and global burden of
treatment-related side effects (20). Assessments were conducted at baseline and at weeks two, four, six,
and eight. All instruments were administered in the participant's preferred language (Urdu or English)
by a trained research assistant.

Potential sources of bias were addressed at multiple stages. Random allocation with concealment
minimized selection bias. Blinding of outcome assessors mitigated detection bias. Standardized data
collection instruments and protocols, applied consistently across both arms, reduced information bias.
Clinician training on the use of the Al interface and standardized documentation procedures were
implemented to ensure fidelity to the intervention protocol. Any protocol deviations were recorded and
reported. Data were entered into a password-protected electronic database with dual entry and range
checks to ensure data integrity.

Statistical analysis was performed using IBM SPSS Statistics version 26 (IBM Corporation, Armonk, NY,
USA). The primary analysis followed an intention-to-treat (ITT) principle, with all randomized
participants included regardless of protocol adherence. Continuous variables were described as means
with standard deviations (SD), and categorical variables as frequencies and percentages. Normality of
continuous outcome variables was confirmed using the Shapiro-Wilk test and visual inspection of Q-Q
plots prior to parametric testing. Between-group differences in mean PHQ-9 score, adverse-effect burden,
and time-to-response at week eight were assessed using independent-samples t-tests. Effect sizes were
calculated as Cohen's d. Remission rates were compared using chi-square tests with relative risk (RR)
and 95% confidence intervals (Cls) reported. Longitudinal changes in PHQ-9 scores across all time
points were analysed using repeated-measures analysis of variance (ANOVA) with Greenhouse-Geisser
correction where sphericity was violated. A per-protocol sensitivity analysis was conducted to examine

the robustness of primary findings. The level of statistical significance was set at p < 0.05 (two-tailed). No
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imputation for missing data was required as the trial achieved complete follow-up for all enrolled
participants; in the event of any missing observations, last-observation-carried-forward (LOCF)

imputation was pre-specified as the method of choice.

RESULTS

A total of 84 adults were enrolled and randomized, with 42 allocated to the Al-guided antidepressant
selection group and 42 to the usual-care group. All participants completed baseline and eight-week
follow-up assessments, yielding a complete-case dataset with no attrition. Baseline demographic and
clinical characteristics are presented in Table 1. The mean age was 34.13 + 9.8 years in the Al-guided
group and 36.74 + 11.1 years in the usual-care group, with no statistically significant between-group
difference (t(82) = 1.18, p = 0.241, 95% CI: —1.73 to 6.95). Sex distribution was comparable (Al-guided: 22
female [52.4%]; usual care: 24 female [57.1%]; x3(1) = 0.21, p = 0.648). Mean illness duration prior to
enrolment was 5.2 + 2.1 months and 5.6 + 2.4 months respectively (p = 0.382). Baseline PHQ-9 scores
confirmed equivalent depressive severity at entry, with means of 17.90 + 2.1 in the Al-guided arm and
18.11 £ 2.3 in the usual-care arm (t(82) = 0.45, p = 0.656, 95% CI: —1.21 to 0.79), indicating no significant
pre-treatment difference. These data confirm baseline equivalence and support the internal validity of

subsequent outcome comparisons.

Table 1: Baseline Demographic and Clinical Characteristics

Variable Al-Guided  Usual Care Test Statistic pvalue 95% CI
(n=42) (n=42)

Age, years (mean 1 SD) 3413+98 36.74+11.1 t(82)=1.18 0.241 —1.73 t0 6.95
Female sex, n (%) 22 (52.4%) 24 (57.1%) x*(1) =0.21 0.648 —

Illness duration, months (mean + SD) 52+21 56+24 t(82) = 0.88 0.382 —0.51 to 1.31
Prior antidepressant use, n (%) 11 (26.2%) 12 (28.6%) x%1) = 0.07 0.797 —
Comorbid anxiety (GAD-7 = 10), n (%) 14 (33.3%) 15 (35.7%) x*(1) = 0.06 0.812 —

Baseline PHQ-9 (mean t SD) 1790 + 2.1 18.11:23 t(82) = 0.45 0.656 —1.21 t0 0.79

SD = standard deviation; CI = confidence interval; GAD-7 = Generalized Anxiety Disorder-7 scale

PHQ-9 trajectories over the eight-week follow-up are presented in Table 2. Both groups demonstrated
progressive symptom reduction from baseline; however, the decline was significantly steeper in the Al-
guided arm at every post-baseline time point. At week eight, the mean PHQ-9 score was 6.16 + 2.4 in the
Al-guided group compared with 847 + 2.9 in the usual-care group, representing a between-group
difference of 2.31 points (95% CI: 1.23 to 3.39; t(82) = 4.24, p < 0.001; Cohen's d = 0.88, indicating a large
effect). The mean absolute PHQ-9 reduction from baseline was 11.74 points in the Al-guided group
versus 9.64 points in the usual-care group. Remission, defined a priori as a PHQ-9 score of 4 or below at
week eight, was achieved by 26 of 42 participants (61.9%) in the Al-guided arm compared with 16 of 42
(38.1%) in the usual-care arm (x*(1) = 4.76, p = 0.029; RR = 1.63, 95% CI: 1.04 to 2.54). Repeated-measures
ANOVA confirmed a significant group x time interaction (F(3, 246) = 8.92, p < 0.001, partial n*> = 0.098),
indicating that the differential rate of improvement between groups was statistically robust across the
full follow-up trajectory and not attributable to a single time-point difference.

Table 2: PHQ-9 Scores Across Follow-Up and Remission Outcomes

Time Point Al-Guided Usual Care Mean Difference t-statistic p-value Cohen'sd
Mean +SD MeanSD (95% CI)

Baseline 1790+21 181123 —0.21 (—1.21 to 0.79) t(82) =045 0.656 0.10
Week 2 144+ 26 159+ 28 —1.50 (—2.62 to —0.38) t(82)=2.66 0.009 0.56
Week 4 11.2+28 133 +31 —2.10 (—3.31 to —0.89) t(82) =344 0.001 0.72
Week 6 8325 108+ 29 —2.50 (—3.63 to —1.37) t(82)=4.38 <0.001 0.93
Week 8 6.16 + 24 847+29 —2.31 (—3.39 to —1.23) t(82)=4.24 <0001 0.88
Remission at Week 8, n (%) 26 (61.9%) 16(381%) RR=1.63(1.04-2.54) x2(1) =476  0.029 —

PHQ-9 remission threshold = score < 4. Repeated-measures ANOVA group x time interaction: F(3,246) = 8.92, p < 0.001, partial n* = 0.098

Time-to-response data are summarised in Table 3. Clinical response, defined as a 50% or greater
reduction in PHQ-9 score from baseline, was achieved at a mean of 3.14 + 0.9 weeks in the Al-guided
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group compared with 4.86 + 1.1 weeks in the usual-care group. This difference of 1.72 weeks was
statistically significant (t(82) = 8.10, p < 0.001; 95% CI: 1.29 to 2.15; Cohen's d = 1.73, a very large effect).
At the week-four assessment, 33 of 42 participants (78.6%) in the Al-guided group had already achieved
clinical response, compared with 20 of 42 (47.6%) in the usual-care group (x*(1) = 8.49, p = 0.004; RR =
1.65, 95% CI: 1.16 to 2.34). These findings indicate that Al-guided medication selection was associated
with substantially faster achievement of meaningful symptom relief, with the majority of Al-guided
participants responding within the first month of treatment.

Table 3: Time to Clinical Response

Outcome AI-Guided Usual Care Difference t-statistic p-value Cohen'sd
(n=42) (n=42) (95% CI)

Mean time to response, weeks (+ SD) 314+09 486+11 1.72 (1.29 to 2.15) t(82)=8.10 <0.001 1.73

Response by week 4, n (%) 33 (78.6%) 20 (476%) RR =1.65(1.16-2.34) x’(1) =849 0.004 —

Clinical response = =250% reduction from baseline PHQ-9 score

Adverse-effect outcomes are presented in Table 4. The mean cumulative FIBSER adverse-effect score at
week eight was 3.16 + 1.2 in the Al-guided group and 4.80 = 1.4 in the usual-care group, a statistically
significant difference of 1.64 points (95% CI: 1.09 to 2.19; t(82) = 5.96, p < 0.001; Cohen's d = 1.25). The
proportion of participants reporting at least one moderate-to-severe side effect (defined as a FIBSER
intensity rating > 4) at any follow-up point was 11 of 42 (26.2%) in the Al-guided arm versus 22 of 42
(52.4%) in the usual-care arm (x*(1) = 6.00, p = 0.014; RR = 0.50, 95% CI: 0.28 to 0.89), representing a 50%
relative reduction in moderate-to-severe adverse-effect reporting. Individual symptom domains with the
largest inter-group differences included gastrointestinal discomfort, sedation, and sexual dysfunction,
all of which were less frequently and less severely reported in the Al-guided arm across follow-up visits.
No serious adverse events were recorded in either group during the eight-week study period.

Table 4: Adverse-Effect Burden (FIBSER Scale)

Outcome Al-Guided (n= Usual Care (n= Difference (95% CI) t/ x?statistic p-value Cohen'sd/RR
42) 42)

Mean FIBSER score, week 8 (z  3.16 + 1.2 480+ 14 164 (1.09t0219) t(82)=596 <0001 d=125

SD)

Moderate-severe side effects,n 11 (26.2%) 22 (52.4%) RR = 0.50 (0.28-0.89) x2(1) = 6.00 0.014 RR =0.50

(%)

FIBSER = Frequency, Intensity, and Burden of Side Effects Rating scale. Moderate-severe = FIBSER intensity item > 4.
T ®% s um

— Alpided — Vmleme 8% CThd

Yoy s 5% T s e vkl by ke e

Fgure 1 PHQ-9 score trajectory (mean + 95% CI) across the 8-week follow-up, by treatment group; Effect size (Cohen's d) per
outcome at week 8; d > 0.8 = large effect

DISCUSSION

The present randomized controlled trial demonstrated that Al-guided antidepressant selection was
associated with significantly improved clinical outcomes across all three pre-specified endpoints when
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compared with usual clinician-directed care in a primary-care population in South Punjab, Pakistan.
Participants receiving the Al-guided intervention achieved greater reductions in depressive symptom
severity, higher remission rates, faster clinical response, and lower adverse-effect burden over the eight-
week follow-up period. These findings extend a growing body of evidence suggesting that algorithm-
assisted clinical decision support has meaningful potential to improve the efficiency and quality of
depression pharmacotherapy, and contribute the first randomized primary-care evidence from a
resource-limited South Asian setting. In interpreting these results, it is instructive to consider them
against established limitations of conventional antidepressant prescribing and the emerging landscape
of data-driven psychiatric medicine, where the gap between therapeutic potential and real-world
outcomes has long been recognised as a critical unmet need (21).

The remission rate of 61.9% observed in the Al-guided arm compares favourably with the benchmark
established by the STARD trial, in which remission after a first antidepressant trial was achieved in only
27-33% of patients under standard care conditions (4). While direct comparison between studies is
constrained by differences in population, setting, and follow-up duration, the magnitude of
improvement over the usual-care arm in the present trial, a relative increase of approximately 62% in
remission probability, is consistent with the effect sizes reported in prior algorithmic and
pharmacogenomic-guided prescribing studies (11). Chekroud and colleagues, in an influential machine-
learning analysis of STARD data, demonstrated that cross-trial predictive models could substantially
improve identification of likely responders to specific antidepressants, supporting the premise that
patient-specific data can meaningfully guide initial medication choice (10). The present trial builds on
this conceptual foundation by translating a predictive, symptom-profile-driven approach into a
functioning primary-care workflow and demonstrating real-world efficacy in a randomized design. The
larger PHQ-9 reductions and the superior week-by-week trajectory in the Al-guided group, confirmed
by a significant group x time interaction (F(3,246) = 8.92, p < 0.001, partial n* = 0.098), indicate that the
benefit of Al guidance was not confined to the endpoint measurement but reflected a genuinely
accelerated therapeutic trajectory from early in treatment (22).

The reduction in time-to-response from a mean of 4.86 weeks in the usual-care group to 3.14 weeks in
the Al-guided group (Cohen's d = 1.73; p < 0.001) carries important clinical implications that extend well
beyond statistical significance. For a patient experiencing a major depressive episode, a reduction of
nearly two weeks in the interval before meaningful symptom relief translates into substantively reduced
functional impairment, occupational disruption, and psychological distress. In primary-care
environments, particularly those operating under resource and time constraints typical of South Punjab,
faster initial response may also reduce the frequency of return consultations, second-line prescribing,
and associated healthcare utilisation costs (24). Simon and Perlis have argued that personalisation of
initial antidepressant selection represents one of the highest-leverage intervention points for improving
depression outcomes, precisely because earlier response predicts better long-term trajectories and
reduces the risk of progression to chronic, partially treated illness (25). The present data provide
prospective, randomized support for this argument in a previously understudied clinical context, with
78.6% of Al-guided participants achieving clinical response by week four compared with only 47.6% in
the usual-care group (x*(1) = 8.49, p = 0.004; RR = 1.65, 95% CI: 1.16-2.34) (23).

The tolerability advantage observed in the Al-guided group is a particularly noteworthy finding. Adverse
effects are among the most frequent and consequential reasons for early antidepressant discontinuation
in primary-care populations, even when partial efficacy is evident (14). The lower mean FIBSER adverse-
effect score (3.16 + 1.2 vs 4.80 + 1.4; d = 1.25; p < 0.001) and the approximately 50% relative reduction in
moderate-to-severe side-effect reporting in the Al-guided arm suggest that the algorithm's capacity to
match medication selection to individual symptom profiles and sensitivity patterns resulted in better-
tolerated initial prescriptions. This finding is consistent with prior evidence indicating that
pharmacogenomic-guided prescribing, which operates on a partially overlapping logic of
individualising medication choice based on patient-specific biological or clinical data, is associated with
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improved tolerability profiles and reduced adverse-event burden (11, 30). From a real-world adherence
perspective, the practical implication is significant: patients who experience fewer and less severe side
effects early in treatment are substantially more likely to continue their prescribed regimen to the point
of full therapeutic benefit, reducing the high discontinuation rates that undermine depression

management in routine clinical practice (26).

The consistency of findings across all three outcome domains, symptom severity, speed of response, and
tolerability, reinforces the biological and clinical plausibility of the Al-guided mechanism. Rather than
improving one metric at the expense of another, the Al-guided approach produced concurrent gains
across outcomes that are typically in partial tension with one another in conventional pharmacotherapy,
where faster response may sometimes come at the cost of higher adverse-effect burden (27). This pattern
suggests that the algorithm's individualised medication matching may have reduced exposure to agents
that were either poorly efficacious or poorly tolerated for specific patient profiles, thereby optimising
the therapeutic index at the level of the individual rather than the population average (29). The
comparability of baseline characteristics between groups, including age, sex, illness duration, comorbid
anxiety prevalence, and baseline PHQ-9 scores, strengthens confidence that these outcome differences
were attributable to the intervention rather than pre-existing clinical heterogeneity (28).

Several methodological strengths merit consideration. The randomized parallel-group design with
computer-generated allocation and sealed-envelope concealment minimised selection and allocation
bias. Standardised, validated outcome instruments, the PHQ-9 and FIBSER, ensured measurement
consistency and comparability with the broader literature. Blinding of outcome assessors throughout
the follow-up period reduced detection bias. The real-world primary-care setting, rather than a controlled
research clinic, enhances the generalizability of findings to comparable healthcare environments across
South Asia (16). The complete retention of all 84 participants through eight weeks of follow-up preserved
statistical power and eliminated the potential confounding of differential attrition on outcome
comparisons.

Limitations. The modest sample size of 84 participants, while adequately powered for the primary
outcomes, limits the precision of subgroup analyses and detection of smaller treatment effects within
specific patient strata, such as those with comorbid anxiety or prior treatment failure. The eight-week
follow-up period does not permit conclusions regarding relapse prevention, sustained remission, or the
durability of the Al-guided advantage beyond the acute treatment phase (31). The study was conducted
in a single region of Pakistan, which, while enhancing contextual relevance for South Asian primary
care, limits direct generalizability to other healthcare systems or formulary environments (32). Although
assessor blinding was maintained, participant blinding was not feasible, introducing the possibility of
expectation effects. The absence of independent evaluation of individual algorithmic components means
it is not possible to determine which specific inputs most strongly drove the observed improvement in
medication matching (33). Future studies incorporating pharmacogenomic data, neurobiological
markers, or ecological momentary assessment alongside clinical variables could further refine the
predictive granularity of Al-guided decision support (35).

Implications for Practice and Future Research. Primary care represents the predominant context in
which depressive disorders are identified and treated globally, yet clinicians in these settings typically
have access to fewer decision-support resources and less consultation time than their specialist
counterparts (16). A workflow-integrated AI tool that generates individualised antidepressant
recommendations from routinely available clinical data offers a scalable means of bringing precision-
medicine principles to resource-limited settings where specialist psychiatric support is structurally
unavailable (28). The consistently large effect sizes across all three outcome domains, Cohen's d of 0.88,
1.73, and 1.25 for symptom reduction, time-to-response, and tolerability, respectively, suggest that the
magnitude of benefit is likely to be clinically perceptible to both patients and clinicians rather than

being a statistically significant but practically negligible difference. Future research with larger samples,
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extended follow-up, active comparator arms, and health economic analyses will be needed to fully
characterise long-term effectiveness and cost-efficiency (34). Studies examining clinician acceptability,
trust calibration in Al recommendations, and the impact of Al guidance on the therapeutic relationship
will be essential prerequisites for responsible large-scale deployment (34). There is additionally a need
for prospective head-to-head comparison of different AI architectures, symptom-based,
pharmacogenomic-guided, and hybrid multi-variable models, to identify the optimal approach for
specific primary-care populations (36).

CONCLUSION

This randomized controlled trial demonstrated that Al-guided antidepressant selection in primary-care
settings was associated with a significantly higher remission rate (61.9% vs 38.1%; RR = 1.63, 95% CI:
1.04-2.54; p = 0.029), a greater reduction in depressive symptom severity at week eight (PHQ-9: 6.16 +
2.4 vs 8.47 + 2.9; mean difference 2.31 points, 95% CI: 1.23-3.39; p < 0.001; d = 0.88), a shorter time to
clinical response (3.14 + 0.9 vs 4.86 + 1.1 weeks; difference 1.72 weeks, 95% CI: 1.29-2.15; p < 0.001; d =
1.73), and a lower adverse-effect burden (FIBSER score: 3.16 + 1.2 vs 4.80 + 1.4; p < 0.001; d = 1.25)
compared with usual clinician-directed care among adults with moderate-to-moderately-severe
depression in South Punjab, Pakistan; the consistency of large effect sizes across all three pre-specified
outcome domains supports the integration of Al-based decision-support tools as a complementary
adjunct to clinician judgment in primary-care depression management, with particular relevance for
resource-limited settings where specialist psychiatric services are inaccessible, the inefficiency of trial-
and-error prescribing carries disproportionate clinical cost, and any intervention that simultaneously
reduces time-to-response, improves tolerability, and raises remission rates offers substantive and
compounding benefit to patients, clinicians, and healthcare systems alike.
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